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ABSTRACT 
By the year 2030 one-fifth of Americans will be 65 years or older, resulting in projected 
increases in health care spending of up to 25% (CDC, 2007; He et al., 2005).  Declining mental 
and cognitive health is a primary component of increased health care costs, and a risk factor for 
diagnosis of Alzheimer’s Disease (AD) and death (NIH, 2007; van Gelder et al., 2007). 
Therefore, research supporting a greater understanding of the biological basis of cognitive aging 
and dementia, and important factors for their prevention, is essential for the development of low-
cost prevention and treatment programs to address the aging crisis.  For instance, although age is 
a prominent risk factor for AD, epidemiological studies have shown that lifestyle factors such as 
physical exercise significantly decrease age-related risks for cognitive impairment and AD 
(Barnes et al., 2003; Larson et al., 2006; Lindsay et al., 2002).  Yet relatively little is known 
about precisely how exercise effects on the brain benefit human cognition (Cotman and 
Berchtold, 2002; Kramer and Erickson, 2007).   
In this thesis I examine effects of physical activity on age-related deficits in brain 
function and cognition, followed by an examination of potential explanatory neurobiological 
factors.  I examine brain function by assessing patterns of functional brain organization, or brain 
networks, using functional magnetic resonance imaging (fMRI). Using fMRI I demonstrate the 
use of multiple methods for measuring functional coherence of brain networks, and in turn, 
illustrate what various methods reveal about the positive effects of exercise on the aging brain.  
In the final study, I examine potential moderators and mediators for the positive effects of 
exercise on the brain, such as neurobiological markers of brain plasticity. 
Normal aging is associated with a decline in cognitive functions, such as processing 
speed, episodic memory, and executive-control skills such as inhibition, planning, and working 
memory, and relative stability in semantic knowledge (Park and Reuter-Lorenz, 2009).  Brain 
imaging studies have also revealed that the aging brain is characterized by increased variability 
in brain activation patterns which are often hard to explain by unified theories of cognitive aging 
(Greenwood, 2007a, b; Reuter-Lorenz and Lustig, 2005).  In turn researchers have started to 
characterize functional brain networks comprised of regionally separate but temporally 
connected brain regions (Deluca et al., 2006; Fox et al., 2005), which could help uncover 
fundamental patterns of systems-level change associated with cognitive aging (Andrews-Hanna 
  iii 
et al., 2007; Damoiseaux et al., 2008).  One functional brain network, the default mode network 
(DMN), has received much attention for its capacity to predict individual differences in normal 
age-related cognitive decline (Andrews-Hanna et al., 2007; Damoiseaux et al., 2008) and clinical 
pathologies such as AD and MCI (Greicius et al., 2004; Lustig et al., 2003; Sorg et al., 2007).   
Since both default mode network (DMN) function and increased aerobic fitness have 
been associated with improved cognitive performance and reduced incidence of AD among older 
adults. The first study in my dissertation investigated this link by examining the association 
between aerobic fitness, DMN function, and cognitive performance.  Results showed significant 
age-related deficits in functional connectivity in both local and distributed DMN pathways.  
Interestingly, almost half of age-related functional disconnections showed increased connectivity 
as a function of aerobic fitness level. In this study I also examined the hypothesis that functional 
connectivity in the DMN is a source of variance in the relationship between aerobic fitness and 
cognition.  Results demonstrated instances of both specific and global DMN connectivity 
mediating the relationship between fitness and cognition. This study provides the first evidence 
for functional connectivity in the DMN as a source of variance in the association between 
aerobic fitness and cognition, and results are discussed in the context of neurobiological theories 
of cognitive aging and disease (Voss et al., 2010a). 
 The second study in my dissertation extends the first study by (1) examining change in 
functional connectivity after a year-long randomized controlled trial of exercise training with 
elderly adults, and (2) comparing the effects of exercise on multiple brain networks including the 
DMN, two additional cognitively relevant brain networks, and primary motor and auditory 
sensory networks.  Results showed that aerobic training improved the aging brain’s functional 
coherence selectively in higher-level cognitive networks.  One year of walking increased 
functional connectivity between aspects of the frontal, posterior, and temporal cortices within the 
DMN and between the right and left prefrontal cortices in a Frontal Executive Network, two 
brain networks central to brain dysfunction in aging.  Length of training was also an important 
factor.  Significant effects in favor of the walking group were observed only after 12 months of 
training, compared to non-significant trends after six months.  A non-aerobic stretching and 
toning group also showed increased functional connectivity in the DMN after six months and in 
a Frontal Parietal Network after 12 months, possibly reflecting experience-dependent plasticity.  
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Finally, changes in functional connectivity were behaviorally relevant.  Increased functional 
connectivity was associated with greater improvement in executive function. Thus, the second 
study provides the first evidence for exercise-induced functional plasticity in large-scale brain 
systems in the aging brain, using functional connectivity analysis, and offers new insight into the 
role of aerobic fitness in attenuating age-related brain dysfunction (Voss et al., 2010b). 
In the third study I introduced another a class of methods for measuring functional 
connectivity in the brain, based on mathematical models that have been used for characterizing 
dynamic network behavior in self-organizing real-world systems, such as social networks or 
patterns of commercial airplane travel (Guimerà et al., 2005; Watts and Strogatz, 1998).  Such 
methods provide a way to quantitatively describe the integration and segregation of 
communication patterns in the brain, and compare them to theoretical models of network 
communication, such as “small world” network models (Bullmore and Sporns, 2009).  In this 
study I first use graph metrics to describe the associations between network topology, aging, and 
aerobic fitness in elderly adults and voxel-wise network metrics of communication in the brain.  
Second, I examine how exercise training affects such metrics of brain communication. This 
study was conducted with methodological support from Dr. Paul Laurienti (from the Department 
of Radiology at Wake Forest University), based on their published methodology (Hayasaka and 
Laurienti, 2009).  Results and issues raised in this study also generalize to the study of individual 
differences in cognitive aging and training for future applications in my research.  Overall, this 
study demonstrated that aging is associated with a qualitative shift in brain organization, which 
was associated with slowed processing speed and impaired working memory performance. 
Aerobic exercise was associated with attenuated progression of network markers of aging.  
Further, aerobic fitness was associated with a network metric reflecting network resilience to 
attack, and greater changes in aerobic fitness over one year were associated with increases in 
network resilience. The results of this study suggest that large-scale organizing properties of the 
brain are plastic to changes in health behaviors such as a one-year exercise program. 
Finally, the fourth study examined the association between measures of brain 
connectivity and potential explanatory factors of the benefits of exercise on brain function, 
including neurobiological markers of brain plasticity measured from peripheral blood serum. 
Brain neurotrophins such as brain-derived neurotrophic factor (BDNF), insulin-like growth 
  v 
factor-1 (IGF-1), and vascular endothelial growth factor (VEGF) are considered primary 
molecular factors mediating effects of exercise on the aging brain (Cotman et al., 2007; Erickson 
et al., 2010), so the aim of this study was to link training-induced changes in BDNF, IGF-1, and 
VEGF with training-induced changes in functional brain connectivity as measured through 
univariate methods (Chapters 1 and 2) and multivariate methods (Chapter 3).  However, since 
there were no changes in regional connectivity patterns in favor of the walking group, this study 
only examined the association between changes in connectivity shown in Chapter 2, and changes 
in neurobiological factors. The study also examined the extent to which baseline measures of 
peripheral growth factors was associated with change in functional connectivity in regional 
connections sensitive to exercise training. Results showed that although there were no group-
level changes in growth factors as a function of the intervention, increased temporal lobe 
connectivity between the bilateral parahippocampus and the bilateral middle temporal gyrus was 
associated with increased BDNF, IGF-1, and VEGF for the aerobic walking group but not for the 
non-aerobic control group, and that greater baseline VEGF was associated with greater training-
related increases in this functional connection.  Results are consistent with animal models of 
exercise and the brain, but are the first to show in humans that increases in functional 
connectivity in the hippocampal and surrounding temporal lobe from aerobic exercise are 
promoted by changes in growth factors and may be augmented by greater baseline VEGF. 
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Chapter 1: 
Functional connectivity: a source of variance in the association between cardiorespiratory 
fitness and cognition?1 
 
Chapter Summary 
Over the next twenty years the number of Americans diagnosed with dementia is 
expected to more than double (CDC, 2007).  It is, therefore, an important public health initiative 
to understand what factors contribute to the longevity of a healthy mind.  Both default mode 
network (DMN) function and increased aerobic fitness have been associated with better 
cognitive performance and reduced incidence of Alzheimer’s disease among older adults.  Here 
we examine the association between aerobic fitness, functional connectivity in the DMN, and 
cognitive performance.  Results showed significant age-related deficits in functional connectivity 
in both local and distributed DMN pathways.  However, in a group of healthy elderly adults, 
almost half of the age-related disconnections showed increased functional connectivity as a 
function of aerobic fitness level. Finally, we examine the hypothesis that functional connectivity 
in the DMN is one source of variance in the relationship between aerobic fitness and cognition.  
Results demonstrate instances of both specific and global DMN connectivity mediating the 
relationship between fitness and cognition. We provide the first evidence for functional 
connectivity as a source of variance in the association between aerobic fitness and cognition, and 
discuss results in the context of neurobiological theories of cognitive aging and disease. 
 
Introduction 
Normal aging is associated with a decline in cognitive functions, such as processing 
speed, episodic memory, and executive-control skills such as inhibition, planning, and working 
memory (Park et al., 2001).  Functional magnetic resonance imaging (fMRI) studies also have 
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revealed that the aging brain is characterized by increased variability in brain activation patterns 
which are often hard to explain by unified theories of cognitive aging (Dolcos et al., 2002; 
Greenwood, 2007a; Reuter-Lorenz and Lustig, 2005).  In turn, researchers have started to 
characterize functional brain networks comprised of regionally separate but temporally 
connected brain regions (Deluca et al., 2006; Vincent et al., 2007), which could help uncover 
fundamental patterns of systems-level brain changes associated with cognitive aging (Andrews-
Hanna et al., 2007; Damoiseaux et al., 2008).  One functional brain network, the default mode 
network (DMN), has received much attention for its capacity to predict individual differences in 
clinical pathologies such as Alzheimer’s Disease and MCI (Celone et al., 2006; Greicius et al., 
2004; Lustig et al., 2003; Zhou et al., 2008), as well as cognitive performance in healthy college-
age and elderly adults (Andrews-Hanna et al., 2007; Damoiseaux et al., 2008; Hampson et al., 
2006).   
Brain regions prototypically associated with the DMN include the posterior cingulate 
cortex/retrosplenial cortex (PCC/rsp); the bilateral lateral inferior parietal cortex; the ventral 
anterior cingulate cortex; the frontal medial cortex, and bilateral hippocampal, and 
parahippocampal cortices (Buckner et al., 2008; Gusnard and Raichle, 2001).  Other regions 
consistently demonstrated in the DMN, shown with both model- and data- driven analyses as 
well as structural covariance, include the posterolateral boundary of the superior frontal gyrus 
and the posteromedial middle frontal gyrus, and bilateral lateral middle temporal gyri (Andrews-
Hanna et al., 2007; Damoiseaux et al., 2008; Kobayashi and Amaral, 2007; Margulies et al., 
2007; Morris et al., 1999; Seeley et al., 2009). 
As a functional network the DMN was first recognized for its characteristic deactivation 
in the presence of a wide variety of external processing demands, leading to the hypothesis that 
the DMN represents the brain’s state during a “default mode” and while reliably deactivated 
relative to regions implementing external processing demands, remains functionally coherent 
throughout both rest and task epochs (Buckner et al., 2009; Greicius and Menon, 2004; Gusnard 
and Raichle, 2001).  Recent research is consistent with these views, and has shown that the DMN 
is also present in anaesthetized monkeys (Vincent et al., 2007) and in humans in states of 
unawareness (sleep, coma, and deep anesthesia) (Boly et al., 2008), suggesting the DMN 
represents a network of brain regions intrinsically linked to the most basic aspects of brain 
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function.  In turn, examining individual variation in the capability to elicit the DMN presents a 
rich line of research to elucidate the effects of a disrupted network. It is important to note that 
other functional networks, such as dorsal attention and primary motor networks, have also shown 
intrinsic functional connectivity in the resting state (Biswal et al., 1995; Vincent et al., 2007).  
Yet here we focus on the DMN because of its demonstrated disruption in healthy cognitive aging 
(Andrews-Hanna et al., 2007; Damoiseaux et al., 2008), and its association with a positive 
diagnosis of AD (Greicius et al., 2004; Lustig et al., 2003; Supekar et al., 2008; Zhou et al., 
2008).  In the context of healthy aging, specific network disruptions between the PCC/rsp and 
the frontal medial cortex are preferentially associated with aging and cognition (Andrews-Hanna 
et al., 2007), such that healthy age-related dysfunctional connectivity is most apparent along an 
anterior-posterior anatomical dimension and acts as a source of variance in cognitive 
performance. In the same study an exploratory whole-brain connectivity analysis also 
demonstrated significant age-related dysfunctional connectivity between the PCC/rsp and the 
medial temporal and hippocampal/parahippocampal cortices.  However, the cognitive relevance 
of these connectivity differences was not reported.   
Age-related cognitive decline and increases in variability of brain activation have also 
been studied as a function of individual differences, such as healthy lifestyle factors, that are 
associated with increased cognitive and cortical function.  Research shows that increased aerobic 
fitness is structurally and functionally neuroprotective in healthy older adults, and may even 
delay the onset, or reduce the rate of decline, of Alzheimer and vascular dementias (Cotman et 
al., 2007; Kramer and Erickson, 2007; Larson et al., 2006; Yaffe et al., 2009).  For example, 
Kramer et al. (1999a) examined the influence of fitness training on cognitive function in a 
sample of 124 older adults in a randomized clinical trial.  Subjects were randomized to either a 
walking or toning and stretching group and participated in fitness training three times a week for 
six months. Aerobic training (walking) selectively improved performance in a variety of tasks 
that tap aspects of executive control (i.e. task switching, stopping, and flanker tasks).  Building 
on this study, in a meta-analysis Colcombe and Kramer (2003) found that exercise interventions 
significantly improved measures of processing speed, visuospatial processing, controlled 
processing, and executive control processes.  Consistent with Kramer et al. (1999), cognitive 
gains were largest for tasks of executive control (see Kramer and Erickson, 2007 for a recent 
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review of this literature).   
Rodent studies provide further support for the prophylactic effects of exercise on 
cognition and the brain (Christie et al., 2008; Clark et al., 2009; Farmer et al., 2004; Molteni et 
al., 2004; Neeper et al., 1995; Van Praag et al., 1999; Van Praag et al., 2005).  This research has 
demonstrated proliferative effects of exercise on molecular and cellular function in the 
hippocampus and parahippocampus, regions commonly associated with the DMN and which are 
particularly disrupted in mild to moderate AD (Greicius et al., 2004; Lustig et al., 2003; Sorg et 
al., 2007; Supekar et al., 2008; Zhou et al., 2008).  Recent studies have also started to link the 
findings in the animal literature to humans.  For example, increased aerobic fitness level was 
associated with increased volume in the right and left hippocampi in older adults, and this 
relationship, in part, mediated the relationship between aerobic fitness and spatial memory 
performance (Erickson et al., 2009).  Also, a three-month aerobic exercise intervention increased 
cerebral blood volume, considered an in vivo correlate of neurogenesis, in the human adult 
hippocampus and was correlated with improved cognitive performance (Pereira et al., 2007).   
Additionally, several other DMN regions are positively associated with individual 
differences in aerobic fitness in healthy elderly adults, including the frontal and parietal cortices 
(Colcombe et al., 2004), albeit these associations were found in the context of a selective 
attention task and not during passive rest.  Thus it remains to be seen whether aerobic fitness 
affects the intrinsic functional integration of these regions, outside the context of a cognitive task 
set. In light of this, coupled with the parallels of cognitive and Alzheimer disease outcomes, the 
current study examines whether increased functional connectivity of the DMN as a function of 
aerobic fitness level reflects one mechanism by which increased fitness is associated with better 
cognitive performance on tests of executive function and memory.  
To test this prediction, we performed seed-based functional connectivity analysis of the 
whole brain to find the brain regions that were most characteristic of age-related disruption in 
functional connectivity with the PCC/rsp between a group of college-age and elderly 
participants.  Next, we examined whether in a group of elderly adults aerobic fitness was 
associated with increased functional connectivity in the same areas that showed the largest age-
related differences in connectivity.  Finally, we examined the cognitive relevance of increased 
connectivity in regions associated with greater aerobic fitness levels by testing whether increased 
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connectivity as a function of increased fitness, was associated with better cognitive performance 
on tests of executive function and spatial memory.  We hypothesized a mediation model whereby 
the direct relationship between aerobic fitness and cognition is mediated by functional DMN 
connectivity.  
 
Methods 
Participants 
 Participants were recruited from the local community of Urbana-Champaign, Illinois.  
Eligible participants had to (1) demonstrate strong right handedness, with a 75% or above on the 
Edinburgh Handedness Questionnaire (Oldfield, 1971), (2) be between the ages of 18 and 35 for 
young adults and between 55 and 80 years for elderly adults (3) score > 51 on the modified Mini-
Mental Status Exam (mMMSE, (Stern et al., 1987)), a screening questionnaire to rule out 
potential neurological pathology, (4) score < 3 on the Geriatric Depression Scale (GDS)  (Sheikh 
and Yesavage, 1986; Yesavage et al., 1983), (5) have normal color vision (6) have a corrected 
visual acuity of at least 20/40 and (7) sign an informed consent.  Participants completed a mock 
MRI session, wherein they were screened for their ability to complete an experiment in an MRI 
environment.  Participants who passed the mock screening subsequently completed a series of 
structural and functional MRI scans, and for the elderly subjects, a graded maximal exercise test.  
Prior to MR scanning all participants were tested for visual acuity and (if need be) corrective 
lenses were provided within the viewing goggles to ensure a corrected vision of at least 20/40 
while in the scanner.  Participants were compensated for their participation.  
 The final sample consisted of N=32 young adult participants (mean age = 24.1, SD = 5.1, 
85% female), and N=120 elderly participants (mean age = 66.5, SD = 5.7, 71% female).  Elderly 
participants were not cognitively impaired, with an average mMMSE score of 54.8 out of 57 (SD 
= 1.9), and were well educated with average years of education of 15.8 (SD = 3). Neuroimaging 
measures were collected as part a larger task battery, and were originally developed to be passive 
viewing tasks for localizing stimulus-specific processing regions of the ventral visual cortex.  
Participants in this study represent a superset of a previously published investigation of age-
related differences in stimulus processing specificity (Voss et al., 2008).  Note it is not 
uncommon to use data with simple task-related epochs to examine intrinsic functional 
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connectivity (e.g., Andrews-Hanna et al., 2007; Buckner et al., 2009; Greicius and Menon, 
2004).   
 
Measures 
 Task Switching. Participants completed a task that required them to switch between 
judging whether a number (1, 2, 3, 4, 6, 7, 8, or 9) was odd or even and judging whether it was 
low or high (i.e., smaller or larger than 5). Numbers were presented individually for 1500 ms 
against a pink or blue background at the center of the screen, with the constraint that the same 
number did not appear twice in succession. If the background was blue, participants used one 
hand to report as quickly as possible whether the letter was high (“X” key) or low (“Z” key). If 
the background was pink, participants used their other hand to report as quickly as possible 
whether the number was odd (“N” key) or even (“M” key). Participants completed four single 
task blocks (2 blocks of odd/even and 2 blocks of high/low) of 24 trials each.  Due to the 
difficulty of this task, participants were provided with a practice block in which they switched 
from one task to the other for 120 trials.  This practice block allowed participants to become 
acquainted with the switching block and ensured compliance with task instructions.  Finally, they 
completed a dual task (switching) block of 120 trials during which the task for each trial was 
chosen randomly. This task was similar to that of Kramer, Hahn, & Gopher (1999b) and Pashler 
(2000); the version of the task reported in this study was programmed and administered using E-
prime software (Psychology Software Tools, www.pstnet.com).  
 The primary executive function measure in this task is mean switch cost.  The difference 
in performance for trials when the preceding trial involved the same task (non-switch trial) and 
those when the preceding trial was of the other task (switch trial) is a measure of local switch 
cost; local switch cost measures attentional set re-configuration and inhibition. The difference in 
performance for trials in the single task block and those in the dual task block when the 
preceding trial involved the same task (non-switch trial) is a measure of global switch cost; 
global switch cost measures the attentional overhead resulting from maintenance of two distinct 
mental task sets. Response time during the single task blocks represents a measure of processing 
speed, thus cost measures represent specific costs over and above of general slowing.  All 
reaction time measures are based on mean reaction times. 
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 Wisconsin Card Sorting Task (WCST).  In this task, participants completed a 
computerized version of the WCST, assessing working memory, inhibition, and switching 
processes (O'Sullivan et al., 2001).  This task was chosen because of its reliance on executive 
functions and set switching, which should show similar patterns of association to the local switch 
cost measure described above.  The participant’s task was to sort cards displayed on a computer 
screen.  The cards contained geometric designs and could be sorted into categories by shape, 
color, or number of the design.  Participants were asked to match each card that appeared in the 
lower portion of the computer screen with one of four cards displayed at the top of the screen.  
The participants were told that the computer would provide feedback about the accuracy of their 
decision, but that the examiner could not give them any additional instructions about the task.  
For the present study, we computed a metric of perseverative errors that measures the inability to 
flexibly adapt to a changing rule set.  The primary dependent variable for this measure was 
computed by taking the average of the standardized number of perseverative responses and 
perseverative errors, and computing their residuals after regression onto the total number of 
errors, to control for overall level of performance (Raz et al., 2003).  Due to data collection error, 
11 elderly subjects’ data was lost, resulting in N=109 elderly adults with WCST data. 
 Spatial working memory. Participants performed a spatial memory paradigm that has 
been previously associated with aerobic fitness and hippocampal volume in a sample of 165 
older adults (Erickson et al., 2009).  First, a fixation crosshair appeared for one second and 
participants were instructed to keep their eyes on the crosshair.  Following the fixation, either 
one, two, or three black dots appeared at random locations on the screen for a duration of 500 
ms. The dots were removed from the display and the fixation cross re-appeared on the screen for 
a period of three seconds.  During this time, participants were instructed to try and remember the 
locations of the previously presented black dots.  At the end of the three-second delay, a red dot 
appeared on the screen in either one of the same locations as the target dots (match condition) or 
at a different location (nonmatch condition).   Participants had two seconds to respond to the red 
dot by pressing one of two keys on a standard keyboard – the ‘x’ key for a nonmatch trial, and 
the ‘m’ key for a match trial.  Forty trials were presented for each set size (1, 2, or 3 locations), 
with 20 trials as match trials and 20 trials as nonmatch trials.  Participants were instructed to 
respond as quickly and accurately as possible.  Several practice trials were performed before the 
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task began in order to acquaint the participants with the task instructions and responses.  Since 
our goal was to characterize general spatial memory performance, the primary dependent 
variable was computed as the average mean reaction time across all three conditions, and 
average accuracy across all three conditions.  Throughout the manuscript this is referred to 
generally as spatial memory response time and accuracy. 
 Aerobic fitness assessment. Elderly participants were required to obtain consent from 
their personal physician before cardiorespiratory fitness testing was conducted. Aerobic fitness 
(VO2 max) was assessed by graded maximal exercise testing on a motor-driven treadmill.  The 
protocol involved the participant walking at a speed slightly faster than their normal walking 
pace (approximately 30 – 100m per minute) with increasing grade increments of 2% every 2 
minutes. A cardiologist and nurse continuously monitored measurements of oxygen uptake, heart 
rate and blood pressure. Resting heart rate was measured while the participant lay in the supine 
position after ECG preparation, and before the treadmill test began.  Oxygen uptake (VO2) was 
measured from expired air samples taken at 30-second intervals until a maximal VO2 was 
attained or to the point of test termination due to symptom limitation and/or volitional 
exhaustion. VO2 max was defined as the highest recorded VO2 value when two of three criteria 
were satisfied: (1) a plateau in VO2 peak between two or more workloads; 2) a respiratory 
exchange ratio >1.00; and (3) a heart rate equivalent to their age predicted maximum (i.e. 220 - 
age).  
 
Imaging Methods   
 For all participants, high resolution T1-weighted brain images were acquired using a 3D 
MPRAGE (Magnetization Prepared Rapid Gradient Echo Imaging) protocol with 144 contiguous 
axial slices, collected in ascending fashion parallel to the anterior and posterior commissures, 
echo time (TE)=3.87 ms, repetition time (TR)=1800 ms, field of view (FOV)=256 mm, 
acquisition matrix 192 mm x 192 mm, slice thickness=1.3mm, and flip angle=8º.  All images 
were collected on a 3T head-only Siemens Allegra MRI scanner.   
 Functional MRI (fMRI) scans were acquired during three passive viewing tasks: 1) a 
checkerboard task comprised of luminance-matched flashing black-and-white checkerboards and 
flashing color checkerboards at a rate of 8 Hz, each checkerboard condition was presented in two 
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separate 30-second blocks that alternated with 20-second blocks of fixation baseline; 2) a word 
viewing task comprised of 30-second blocks of words, pseudo-words, and letter strings, 
presented separately in two 30-second blocks that alternated with 20-second blocks of fixation 
baseline, each block consisted of 20 unique stimuli that were each presented for one-second with 
a 500-ms fixation between each word presentation; and 3) a face/building viewing task 
comprised of three 20-second blocks of faces and buildings that alternated with 20-second blocks 
of luminance matched scrambled images (taken from the face and building stimulus set) as the 
baseline condition, each block consisted of 20 unique black-and-white images (controlled for 
luminance and dimension) that were each presented for one-second.  In each task participants 
were instructed to keep their eyes open and to pay attention to the screen.   
 Visual stimuli were presented with MRI-safe fiber optic goggles (Resonance 
Technologies, Inc.).  Participants completed the passive viewing tasks as part of a larger battery 
of cognitive paradigms within the scanner.  For the fMRI tasks, T2* weighted images were 
acquired using a fast echo-planar imaging (EPI) sequence with Blood Oxygenation Level 
Dependent (BOLD) contrast  (64 x 64 matrix, 4 mm slice thickness, TR = 1500 ms, TE = 26 ms, 
flip angle = 60).  A total of 150 volumes were acquired per participant for the checkerboard task, 
220 volumes for the word task, and 180 volumes for the face/building task. 
 
Image Analysis 
 Structural MRI preprocessing.  Each participant’s low-resolution EPI image was 
registered to his or her high-resolution T1 structural image, which was subsequently registered to 
stereotaxic space (study-specific template generated using 152 T1 MNI as the target volume, 
Montreal Neurological Institute) using FLIRT 12-parameter affine linear registration (Jenkinson 
et al., 2002).  A study-specific template was made, comprised of 64 representative brains chosen 
randomly from the sample (32 young and 32 old).  This was done to ensure that the reference 
image was not biased towards older adults.  To make the study-specific template, high-resolution 
structural images were first skull-stripped using BET (Smith, 2002), and manually inspected and 
corrected for any skull-stripping errors.  Next, the structural images were registered to the 152 
T1 MNI volume using FLIRT 12-parameter affine linear registration (Jenkinson et al., 2002).  
Finally, registered volumes were averaged to form a representative reference volume.  This was 
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done to minimize the amount of warping during the registration process, and to protect against 
registration bias.  Before group analyses, functional data were registered to stereotaxic space 
using transforms generated with the alignment of high-resolution T1 images. 
 fMRI Preprocessing.  fMRI data preprocessing was carried out using FSL 4.1.2 
(FMRIB's Software Library, www.fmrib.ox.ac.uk/fsl).  The following pre-statistics processing 
was applied: rigid body motion correction using MCFLIRT (Jenkinson et al., 2002), removal of 
non-brain structures using BET (Smith, 2002), spatial smoothing using a Gaussian kernel of 
FWHM 6.0-mm, grand-mean intensity normalisation of the entire 4D dataset by a single 
multiplicative factor, and temporal filtering with a high pass frequency cut-off of 120 seconds. 
 General Linear Model Analysis for initial seed selection. Regression-based analysis of 
fMRI data was carried out using FEAT (FMRI Expert Analysis Tool, 
http://www.fmrib.ox.ac.uk/analysis/research/feat/) Version 5.98, part of FSL.  At the individual 
level, a separate individual level analysis was done for each of the passive viewing scans. The 
hemodynamic response to each block was convolved with a double-gamma HRF function.  We 
chose to use a double-gamma HRF function since preliminary analysis of the checker stimulation 
task showed that the convolution of the double-gamma function had a better fit to the data than 
the gamma function.  Primarily this was due to the small dip in signal approximately ten seconds 
after the initial rise at the start of the block, followed by a steady signal for the duration of the 
block and fall at the end of the block epoch.  The double-gamma models an initial overshoot, 
followed by a post-HRF-undershoot, and this showed to be the best fit to the signal for both 
young and elderly adults.  Furthermore, the same high-pass temporal filtering that was applied to 
the data was applied to the GLM for the best possible match between the model and data.  For 
each task there was a linear contrast that tested for the comparison of activation during rest 
greater than visual processing blocks (rest > task).  The three statistical maps that resulted (rest > 
task for each of the three passive viewing tasks) were then combined into a higher level fixed-
effects analysis, which generated a statistical map representing where activation was greatest for 
rest > visual processing across all three fMRI scans, within a subject.  Statistical maps from the 
fixed-effects analysis were then forwarded to a higher-level mixed-effects analysis to find areas 
across participants that were more active during rest than visual processing.  Higher-level mixed-
effects analyses were carried out using FLAME (Beckmann et al., 2003).  To ensure regional 
  11 
differences in gray matter volume did not confound our analyses, gray matter partial volume 3D 
images were added as voxel-wise covariates in the functional imaging analysis (Oakes et al., 
2007), implemented as part as FMRI Expert Analysis Tool Version 5.98, part of FSL 4.1.2, 
FMRIB's Software Library, www.fmrib.ox.ac.uk/fsl.   
 Since the aim of this paper is to examine functional connectivity and not amplitude of 
activation, the primary purpose of the GLM analysis was to confirm that the DMN was activated 
in a comparison of rest > visual processing, so as to identify an unbiased seed of the PCC/rsp 
region for an initial seeding to examine functional connectivity.  A PCC/rsp initial group seed 
ROI for functional connectivity analysis was chosen from this overall mean statistical map; the 
resulting PCC/rsp group ROI spanning 390 anatomical voxels (approx 40 functional voxels) 
centered on the MNI coordinates x = 8, y = -56, z = 30, see Figure 1. To account for potential 
individual differences in local anatomy, subject-specific peaks were found within this initial 
group ROI and new subject-specific ROIs were formed.  A subject-specific ROI was made 
around subject-specific peaks for each subject, in each task, spanning 125 anatomical voxels 
(approximately 8 functional voxels).  Thus, subject-specific peaks in the PCC/rsp were used for 
the functional connectivity analyses described next. 
 Functional Connectivity seeding analysis.  To examine age-related differences in 
functional connectivity, a seeding analysis was done based on the PCC/rsp seed described above, 
for each passive viewing task for each subject.  Data preprocessing specific to the functional 
connectivity analysis included the addition of a lowpass temporal filter, to ensure the bandwidth 
of the fMRI signal fell between .008 < f < .080 Hz.  The DMN has been reliably shown to 
fluctuate within this frequency band, and so this was done to remove high-frequency fluctuations 
that could confound estimates of intrinsic functional connectivity.  Next, the mean time-series 
from the PCC/rsp seed was extracted, and in addition, the time-series from three nuisance ROIs 
were extracted including a region in deep white matter in left temporal cortex, a region in the left 
lateral ventricle, and a whole brain mask to extract global signal changes.  Note resting heart rate 
was not significantly correlated with aerobic fitness in our sample (p >.15); additionally, 
differences in heart rate variability on intrinsic fMRI BOLD changes have been associated with 
signal change in the CSF (de Munck et al., 2008), so the CSF nuisance regressor should add 
additional protection against spurious results as a function of heart rate.  Also, since the tasks 
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used here are passive viewing tasks, we have no reason to believe the task would induce 
individual variation in signal change related to differential task-related heart-rate modulation as a 
function of fitness level (van Buuren et al., 2009).  Furthermore, global signal has been shown to 
correlate with cardiac and respiration-induced changes in the fMRI BOLD signal (Birn et al., 
2006; Chang and Glover, 2009; Wise et al., 2004).  Therefore, removal of global signal variance 
should help towards removal of non-neural sources of activation synchrony.  However, it is 
possible that fitness variation would be correlated with respiration-induced variation in DMN 
signal and controlling for global signal would overly constrict our ability to study individual 
differences in fitness on DMN functional connectivity.  We examined this concern with 
exploratory whole-brain analysis of the association between aerobic fitness and functional 
connectivity with the PCC/rsp seed, both with and without global signal regression.  Results 
showed greater sensitivity in both spatial extent and magnitude of connectivity associations as a 
function of individual differences in fitness when global signal was regressed out compared to 
when it was not (see Figure 1.1). This suggests that global signal removal was not overly 
corrective but rather enhanced sensitivity to individual differences in fitness. Moreover, the 
conjunction analysis of these two analyses showed clusters consistently in the left and right 
parahippocampal cortex, the frontal medial cortex, and the posterior cingulate – suggesting that 
relevant DMN regions were revealed under both analyses - however, based on these results 
global signal correction was performed in all following analyses. 
To further isolate our examination to intrinsic functional connectivity, we also extracted 
signal from a bilateral ROI in the primary visual cortex (125 anatomical spheres centered at +18, 
-98, -4; defined with the same central coordinates as the left and right visual cortex ROI in 
Andrews-Hanna et al., 2007).  This visual cortex regressor, along with the global signal 
regressor, served as cautionary measures to ensure our estimates of functional connectivity were 
not inflated do to the additive influence of synchronized signal change as a result of visual 
stimulation.   
Finally, the PCC/rsp time-series was entered as a regressor of interest in an individual-
level GLM analysis, while covarying out variance from six motion parameters computed by rigid 
body translation and rotation in preprocessing (Jenkinson et al. 2002) and four nuisance ROIs 
(including the bilateral visual cortex ROI).  To obtain voxel-wise partial correlation coefficients 
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from this regression, the time-series of ROI regressors (including motion and nuisance ROI 
regressors) and the functional data were normalized to a common variance.  This procedure was 
done for each passive viewing task.  Individual-level analyses of voxel-wise regression of the 
PCC/rsp seed onto the whole brain were then aggregated within subject (across the three 
functional runs) for greater statistical power, using a fixed-effects analysis as described above.  
Finally, the fixed-effects maps were converted to Z values using Fisher’s r-to-z transformation 
(Zar, 1996) and forwarded to a mixed-effects group analysis that considered between-subject 
variation (Beckmann et al., 2003). Aggregating data from three passive viewing tasks, in 
addition to providing greater statistical power, also ensures that the results are not dependent on 
one type of visual processing task.  
 In the mixed-effects between-subjects analysis, we compared young and elderly adults’ 
mean functional connectivity with the PCC/rsp seed, while (in a voxel-wise manner) controlling 
for the variance associated gray matter volume.  The Young > Old contrast of interest resulted in 
a statistical map representing where aging is associated with decreased functional connectivity 
with the PCC/rsp.  The resulting ROIs were determined from this analysis based on statistical 
peaks in separable anatomical brain areas known to be in the default mode network and as 
demarcated in the Harvard-Oxford cortical atlas that is packaged with the FSL software package 
(FSL 4.1.2, FMRIB's Software Library, www.fmrib.ox.ac.uk/fsl).  Peaks are listed in table 
format and illustrated in Figure 1.  Note, following mixed-effects higher-level analysis, the 
distribution of statistical parametric maps was determined as Gaussian and statistical 
thresholding was based on Z-statistic-scores of parameter (partial correlation) estimates; 
statistical map threshold set at voxel Z = 2.33, and cluster p<.05 (Worsley et al., 1992).  The 
cross-correlation of timeseries’ from the resulting age-sensitive ROIs was then computed for 
each participant and averaged across the three runs; before further analysis of individual 
differences, average correlation coefficients from each ROI pair from each participant were 
converted to Z values using Fisher’s r-to-z transformation (Zar, 1996).   
 The above analyses represent a focused examination of the effects of fitness on functional 
connectivity in regions showing the most age-related decline in DMN connectivity.  This also 
ensured that ROIs were chosen independent of fitness, and permitted an unbiased analysis of the 
inter-relationships between functional connectivity, aerobic fitness, and cognition.   
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Statistical Analysis of brain-behavior relationships  
 For examination of brain-behavior relationships, we hypothesized that functional 
connectivity in the DMN would serve as a significant source of variance in the association 
between aerobic fitness and cognition.  We justify the causal directions of the model such that it 
is unlikely functional connectivity would cause aerobic fitness; similarly it is unlikely in this 
cross-sectional analysis that cognition would cause functional connectivity.  While causal 
predictions in correlational data deserve caution, we believe the proposed model provides the 
best theoretical framework for the associations between fitness, cognition, and functional 
connectivity.  In the model the paths between the independent variable (IV) (fitness) and the 
mediator variable (M) (functional connectivity) and M to the dependent variable (DV) 
(cognition) are represented with the coefficients a and b respectively.  Here a represents the 
coefficient of the relationship between the IV and M, and b represents the coefficient of the 
relationship between M and the DV; together a*b represents the indirect effect of functional 
connectivity on cognition.  A third coefficient, c, then represents the coefficient of the 
relationship between the IV and DV, or the direct effect of fitness on cognition.  In this paper, we 
will assess whether mediation is statistically significant using a bootstrapping procedure that 
repeatedly resamples from the data to build an empirical estimation of the indirect effect (a*b) 
and non-parametric confidence intervals for testing the statistical significance of the effect 
(Preacher and Hayes, 2008). This analysis technique is used in the multiple mediator model 
developed by Preacher & Hayes and relies on few assumptions about the normality of the 
indirect effect.  In our analyses we ran 5000 resamples, and tested the indirect path with a 90% 
CI (one-tailed, p<.05), following the procedures outlined in Preacher & Hayes, 2008.  Finally, 
we also report an effect size measure of the mediation effect using the method developed by 
Fairchild et al., 2009.  For continuous outcomes this R2 mediation measure estimates the 
proportion of variance in the DV accounted for by the indirect effect of the IV (fitness) on the 
DV (cognition) through the mediator (functional connectivity).   For further details on the 
mediation analyses employed here see Preacher & Hayes (2008) and Fairchild et al (2009).   
 Before the mediator analysis, we first examined bivariate associations between aerobic 
fitness and functional connectivity, functional connectivity and cognition, and aerobic fitness and 
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cognition.  Subsequently, we tested the proposed mediator model, considering only statistically 
significant relationships between fitness (IV) and cognition (DV), and fitness (IV) and functional 
connectivity (M). That is, we entered into the mediator model a set of ROI pairs that showed 
increased functional connectivity in association with increased fitness, and examined the 
statistical significance of both specific (ROI-pair specific) and total (as a set of ROI-pairs) 
indirect (or, mediation) effects.  A multiple mediator model uniquely allows for the test of 
multiple variables as potential mediators both as specific indirect effects and as total indirect 
effects of the mediator variable set as whole.  In turn, we believe this approach keeps with the 
spirit of functional connectivity by not considering each connection in isolation in their 
association with cognition, and provides the most parsimonious model for examining whether 
and how much functional connectivity accounts for variation in the direct relationship between 
aerobic fitness and cognition. 
 
Results  
Age-related differences in functional connectivity with the PCC/rsp  
Results of the comparison of elderly and young adults are illustrated in Figure 1.2 and 
show age differences in functional connectivity in five separable functional areas of the DMN, 
including the posterior cingulate, the posteromedial region of the middle frontal gyrus (bordering 
the posterolateral region of the superior frontal gyrus), the frontal medial cortex, bilateral middle 
temporal gyri and bilateral parahippocampal gyri. Subsequently, we identified the statistical 
peaks within each region of the DMN and these are listed in the Table in Figure 1.2.   Bilateral 
anatomical peaks were combined into bilateral ROIs to gain statistical power, and because we 
had no pre-existing hypotheses about the laterality of functional connectivity differences as a 
function of aerobic fitness.  This resulted in five ROIs of interest, derived from the age-group 
analysis, including ROIs representing localized age effects in the left middle frontal gyrus 
(MFG), frontal medial cortex (FMC), bilateral middle temporal gyri (MTG), posterior cingulate 
cortex (PCC), and bilateral parahippocampal gyri (PHG) (as labeled in Figure 1.2). Mean fisher’s 
Z transformed correlation coefficients for each age group and statistical comparison of their 
mean effects is shown below the diagonal in Table 1.1.   Finally, Table 1.1 illustrates that young 
had greater variability in ROI time-series data; however, age-group comparisons remained 
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unchanged when differential group variances were accounted for in independent-samples t-tests. 
 
Association of aerobic fitness with cognition 
Before examining indirect effects, this analysis focused on the direct effects of aerobic 
fitness on cognition in the elderly adults.  Results showed that increased aerobic fitness was 
associated with fewer perseverative errors on the WCST, r = -.19, p<.05; this association was 
unaffected when the variance associated with age was controlled, pr = -.19, p<.05.  For the 
dependent variables associated with task-switching, global switch cost was not associated with 
fitness (p>.05), however local switch cost did show a statistically significant relationship with 
aerobic fitness, such that higher fit elderly adults had decreased local switch cost, r  = -.15, 
p<.05; after controlling for the variance associated with age, the correlation was reduced to 
marginal statistical significance, pr = -.13, p=.09.  Finally, aerobic fitness was associated with 
better average accuracy and mean response time across all levels of the spatial memory task 
(Accuracy: r = .33, p<.05; RT: r = -.31, p<.05); after controlling for the variance associated with 
age, performance on the spatial memory task was still associated with higher aerobic fitness 
(Accuracy: pr =.17, p<.05; RT: pr = -.20, p<.05).   
 
Association of aerobic fitness with functional connectivity in the DMN and cognition 
 The next series of analyses focused on demonstrating (a) the association between aerobic 
fitness in elderly adults and functional connectivity in age-sensitive regions of the DMN and (b) 
the association between functional connectivity in the DMN and cognition. Table 1.1 shows the 
results from the first of these analyses, indicating that six functional connections showed a 
statistically significant positive association with aerobic fitness at p<.05; note only the 
connection between the PCC and MFG, however, had a p-value surviving bonferonni correction 
of 15 correlations, p<.003.  All statistically significant ROI-ROI correlations with aerobic fitness 
remained significant at p<.05 when the variance associated with age was controlled. Further, to 
confirm that ROI differences in variance didn’t contribute to the association with fitness, we did 
partial correlations for each reported significant bivariate relationship above, controlling for the 
variance in timecourses for the two ROIs in the functional connectivity pair.  All correlations 
remained unchanged (all still p<.05 and PCC-MFG still p<.003). All connectivity associations 
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showing statistically significant correlations with p<.05 were considered in the mediation model.  
 Next we examined associations between connectivity in the DMN and cognition.  Results 
showed that connectivity of the PCC-FMC connection was associated with fewer perseverative 
errors, p = -.19, p<.05; this association was unchanged after controlling for variance associated 
with age, pr =-.19, p<.05.  Decreased local switch cost was associated with increased functional 
connectivity for the pairs of MTG-MFG (p = -.28, p<.05) and MFG-FMC (p = -.17, p<.05); after 
controlling for the variance associated with age, MTG-MFG (pr = -.27, p<.05; MFG-FMC (pr = 
-.16, p<.05).  Increased spatial memory accuracy was associated with increased connectivity of 
the PCC-MFG pair: r = .19, p<.05; this was reduced after controlling for age, pr = .12, p=.09.  
Finally faster response speed in the spatial memory task was associated with greater connectivity 
in the following ROI pairs: MTG-MFG: r = -.16, p<.05; MTG-FMC: r = -.17, p<.05; MFG-
FMC: r = -.20, p<.05; after controlling for the variance associated with age the correlations were 
reduced but remained marginally significant, MTG-MFG: pr = -.14, p=.07; MTG-FMC: pr = -
.14, p=.07; MFG-FMC remained significant: pr = -.18, p<.05. 
 
Multiple Mediator Model   
Here we examined the extent to which increased connectivity, as positively associated 
with aerobic fitness, was associated with individual differences in cognitive function, based on 
performance in three relevant measures of cognition: task-switching, WCST, and spatial 
memory.  Also, in the elderly adult group age was not associated with decreased functional 
connectivity (all p >.05), thus whatever variance functional connectivity shares in the 
relationship between aerobic fitness and cognition should not be confounded with age.  In turn, 
mediation models were carried out with variables uncorrected for variance associated with age.  
 A full listing of the multiple mediation results is shown in Table 1.2.  Shown in the table 
are the product of coefficients (a*b) for each specific indirect effect and the total indirect effect 
(sum of specific indirect effects) through functional connectivity for the association between 
aerobic fitness and cognition.  This represents the strength of the indirect effect, or the mediation 
effect of functional connectivity, on the direct effect of fitness on cognition. Variables showing 
mediation effects in the expected direction are illustrated in paired scatter plots in Figure 1.2.  
Results showed that there were unique functional contributions to each cognitive outcome, 
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except spatial memory accuracy.   
Perseverative errors were mediated through functional connectivity between the PCC and 
FMC, as this is the only connection showing a significant indirect effect in the mediator model.  
Further, R2 mediation when just PCC-FMC was considered with fitness (partial model) was 
.0126, or 1.26% of the variance associated with perseverative errors is attributable to the indirect 
effect of functional connectivity between the PCC and FMC.  Given that the total R2 for the 
partial model was .067, this suggests that 18.8% of the total effect in this model (.0126/.067) is 
attributable to PCC-FMC connectivity.   
 Results for local switch cost, however, showed there were both specific and total indirect 
effects of functional connectivity on the direct relationship between fitness and local switch cost.  
Functional connectivity between the MTG and MFG was statistically significant in the mediator 
model.  Further, in the partial model R2 mediation was .0103, or approximately 1% of the 
variance associated with local switch cost is attributable to MTG-MFG connectivity.  Moreover, 
the total R2 for the partial model was .070, suggesting that 14.7% of the total effect in this model 
is attributable to MTG-MFG connectivity.  Additionally functional connectivity of all the ROI 
pairs – taken as a set - mediated the relationship between fitness and local switch cost (see Table 
1.2).   
Results for spatial memory ability are less straightforward.  Here we found that the 
connectivity between MFG and FMC mediated the direct relationship between fitness and spatial 
memory reaction time (RT), such that greater connectivity was associated with faster spatial 
memory response speed. However, we also found a specific indirect effect in the opposite 
direction, where the connection between PHG and MFG mediated spatial memory speed in the 
positive direction. In the partial model R2 mediation for MFG-FMC was .0185, which accounted 
for 15.2% of the total effect.  In contrast, the R2 mediation effect was -.0138 for PHG-MFG, 
suggesting that controlling for the variance associated with the MFG-FMC connection creates a 
positive association between the PHG-MFG and response speed.  This dissociation highlights the 
need to consider multiple ROIs in one model when examining the impact of functional 
connectivity on cognition, rather than isolating specific ROI-ROI correlations.  
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Discussion 
 This is the first study to examine functional connectivity differences in the brain, as a 
function of individual differences in aerobic fitness, a lifestyle factor that has important 
implications for the cognitive and physical health of elderly adults.  Furthermore, the present 
study demonstrates not only an important link between the DMN, aerobic fitness, and cognitive 
aging, but also presents a framework for the examination of exercise effects on the integration of 
large-scale brain systems.   
While the functional purpose of the DMN remains somewhat elusive, we replicated 
previous findings that have shown that functional connectivity of the DMN supports improved 
executive function performance in elderly adults (Andrews-Hanna et al., 2007; Damoiseaux et 
al., 2008).  Specifically, one study showed that long-range connectivity between the PCC/rsp and 
the frontal medial cortex was associated with better cognitive performance in elderly adults 
(Andrews-Hanna et al., 2007). We extend on these results and show that functional connectivity 
along the same dimension (anterior-posterior) mediates the association between aerobic fitness 
and performance on a classic test of executive function, the Wisconsin Card Sorting Test. While 
Andrews-Hanna et al., 2007 found the PCC-FMC connection was associated with increased 
processing speed, perseverative errors is not an executive function measure that is wholly 
accounted for by general slowing (Head et al., 2009). It should also be noted that the FMC ROI 
used in this analysis is located ventral to the ROI in Andrews-Hanna et al., 2007.   
In addition, MTG-MFG connectivity showed significant unique effects on the association 
between fitness and local switch cost, as well as a significant total indirect effect of the set of six 
ROI-ROI pairs.  This suggests that as a set, the functional connectivity between the ROIs that 
showed a positive association with fitness, significantly mediates the association between fitness 
and decreased local switch cost, and that the effects are particularly strong for the MTG-MFG 
pair. While fitness has been shown to be preferentially beneficial to the structural and functional 
integrity of the frontal cortex, such a relationship has not been shown with fMRI outside the 
context of a cognitive task.  The MFG aspect of the DMN may be particularly important as a 
transition zone, as it borders or may even overlap with prefrontal regions also generally 
associated with task positive networks.  It is also interesting that functional connectivity was 
preferentially associated with local switch performance, suggesting the effects are not global, in 
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agreement with previous theories of the effects of exercise on the brain and cognition (Kramer 
and Erickson, 2007).  These results coupled with the results showing a positive association 
between PCC-FMC connectivity and performance on the WCST task suggests that aerobic 
fitness training may lead to increased DMN connectivity and in turn provide a pathway for 
improved executive function.  Of course this is speculative based on cross-sectional data, yet the 
current study provides supporting evidence for investigating this question further.   
Furthermore, we found that local MFG-FMC frontal connectivity mediated the 
association between fitness and spatial memory response speed; however, while controlling for 
this effect, there was an association in the opposite direction for the PHG-MFG pair (associated 
with slower response speed).  This result is hard to interpret as task adaptive connectivity for the 
MFG in one connection relative to another, since the fMRI data were collected during passive 
viewing tasks.  Further, when considered on its own the PHG-MFG connection was uncorrelated 
with spatial memory task performance, while the MFG-FMC connection was statistically 
significant on its own.  Yet at least two different studies have shown increased frontal 
connectivity in association with AD populations (Supekar et al., 2008; Wang et al., 2006).  Our 
results may therefore suggest the relative strength of correlations among regions in the DMN are 
as important as the mere strength of connections in determining the association between 
functional connectivity and cognition. Perhaps when the connectivity between distant regions is 
stronger than particular local regions (violating small world properties), this is a sign of 
functional disruption that has negative consequences for specific cognitive outcomes.  Our 
evidence for this interpretation is admittedly weak, and the cognitive relevance of multivariate 
patterns of disruption remains an important topic of future study.   
 It is also clear that a critical future direction is the convergence of a further understanding 
of intrinsic functional connectivity with a greater understanding of its role in action-oriented (i.e., 
exogenously directed) cognitive operations. For example, unknown is the relative predictive 
power of functional connectivity measured during resting or unrelated low-level cognitive states 
compared to states of high-level exogenous demands for understanding individual differences in 
cognitive performance.  What remains attractive about the former is simplicity in experimental 
design and the parsimony of tapping into fundamental networks with broad predictive power.  
For example, one can collect data from a broad spectrum of populations (e.g., with respect to age 
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or pathology) without confounds such as task difficulty or strategy that could otherwise mask (or 
be driven by) individual differences in intrinsic functional organization.  
Given that aerobic exercise has been linked to improved aspects of cortical vasculature 
(Black et al., 1990; Clark et al., 2009; Swain et al., 2003), one may ask whether these effects are 
driven exclusively by increased vascularization in higher fit individuals compared with lower fit 
individuals. However, increased neurogenesis and synaptogenesis as a function of aerobic 
exercise training in rodents has shown concomitant increases in both neurogenesis and 
vascularization (angiogenesis); in agreement with the idea that greater tissue volume couples 
with increased vasculature to provide metabolic support for neuronal activity and regulation 
(Cotman et al., 2007).  Furthermore, since our results are based on differences in functional 
connectivity the vasculature argument fails to fully explain these results since functional 
connectivity requires the dynamic modulation of temporally coordinated activation in distinct 
brain regions. Additionally, at least two modes of evidence support the notion that the DMN is 
based on neural connectivity.  First is the evidence that functional DMN maps are mirrored by 
patterns of structural connectivity, with particularly strong anatomical connections between the 
posterior cingulate, medial temporal, and the frontal medial cortex (Greicius et al., 2008; 
Kobayashi and Amaral, 2007; Kondo et al., 2005).  Second is evidence from a recent direct 
electrophysiological mapping of the DMN (Miller et al., 2009).  Concerning fitness effects, it is 
also possible that compromised neurovascular coupling is a potential mechanism for age-related 
disruption of large-scale brain networks, ameliorated by increased aerobic fitness level.  To test 
this idea, resting state functional imaging before and after aerobic fitness training of aged 
macaque monkeys would provide an exciting avenue of future research. 
 Nevertheless, our results should be viewed in the context of several potential limitations.  
First, the nature of the tasks (passive viewing of various stimuli, interspersed with rest blocks) 
was not a pure resting state paradigm (resting quietly with eyes closed in the scanner).  We can 
only speculate whether the same results would be observed using a pure resting state paradigm. 
However, given that previous research on the DMN and cognitive aging has utilized both resting 
state (Damoiseaux et al., 2008) and task/rest block designs (Andrews-Hanna et al., 2007; Persson 
et al., 2007) and come to similar conclusions, we expect that similar results would be found.  It 
may also be possible that intermittent external processing-related activity acts as a probe for 
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potential network disruption, eliciting increased individual variance in network coherence.  For 
example, Andrews-Hanna et al., 2007 observed a significant negative correlation between age 
and DMN connectivity both between old and young and when just older adults were considered, 
whereas none of our ROI pairs showed a significant negative correlation with age in just the 
older adults.  One difference between the two studies however was the cognitive state in which 
connectivity was measured (semantic decision task vs. passive viewing tasks). Thus future 
research should examine the extent to which pure resting state, rest interspersed with task, and 
event-related designs, along with variations in task difficulty, elicit meaningful individual 
differences in functional connectivity.  Even still, while Damoiseaux et al., (2008) measured 
connectivity during pure rest, their metric for functional connectivity was quite different than 
either the present study or Andrews-Hanna et al., 2007.  Damoiseaux et al., (2008) used 
multivariate blind source separation to produce a metric representing a more complex aspect of 
network connectivity (coherence of whole-head spatial patterns of activation over time across 
subjects vs. N-number of ROIs that represent network nodes).  The result may be a more 
stringent requirement for participants to score high on network connectivity, which could result 
in greater sensitivity to age-related dysfunction.  However, future research should test this by 
using multiple methods to characterize functional connectivity and examine their convergence 
(or lack of) in association with age, cognitive performance, and disease status.  A noted 
advantage of the multivariate approach is the more parsimonious metric of network coherence 
compared to multiple ROI pairs derived from a seeding analysis.  In our ROI analysis we tried to 
control for multiple comparisons by entering all ROI pairs into a single mediation model, instead 
of running multiple separate mediation tests.  Yet it is important that we acknowledge this 
doesn’t completely correct for multiple comparisons and a caveat to our brain-behavior analyses 
is the potential for spurious effects due to an increased number of ROI pairs examined.  Still, 
given that this is the first study to explore the relationships between DMN functional 
connectivity, fitness, and cognition, we believe the multiple mediator model provided the best 
framework for characterizing regional interactions while still preserving some protection against 
multiple comparisons.  
 That increasing age was not associated with increasing network dysfunction in just older 
adults is also evidence against significant contamination of older adults with incipient pathology.  
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That is, since we did not measure biomarkers of brain pathology such as PIB-PET amyloid 
imaging (Andrews-Hanna et al., 2007; Hedden et al., 2009), we cannot be certain that a 
proportion of our subjects weren't in pre-clinical states of pathology that were undetectable by 
our screening methods; however such contamination is less likely to have significantly affected 
our results given the lack of association between age and network dysfunction in older adults. 
Related to ROI generation, our ROIs were determined by using an initial seed based on 
amplitude of activation maxima for rest > task in the same group of participants then examined 
for functional connectivity using seeding.  We don’t believe this biased the results, as Table 1 
shows that all of the significant fitness associations were actually with an adjacent posterior 
cingulate region that was not the initial seed.  Another limitation of the current study is that it is 
cross-sectional.  For example, it is possible that a third variable associated with older adults who 
have both increased DMN function and higher baseline levels of aerobic fitness, such as genetic 
or social-behavioral factors, could be involved in the effects of the current study. Examining 
functional connectivity of the DMN after an aerobic exercise training intervention could further 
test this limitation, and presents an important area of future research.  Furthermore, our study 
was restricted to self-reported relatively sedentary individuals; the current results may therefore 
represent a conservative estimate of the relation between fitness level, DMN, and cognition. 
 Finally, a potential limitation of the current study is our examination of only the DMN.  
However, the DMN provides a starting point for understanding perhaps the most fundamental 
network from which other networks are engaged for exogenous processing; therefore we see this 
study as an important first step for understanding the role of functional connectivity as a 
potential source of variance in the association between cardiorespiratory fitness and cognition.  
For example, animals with a PCC/rsp lesion have been shown to have difficulty integrating 
multiple streams of information, particularly when information from external and internal 
sources must be integrated for guidance of a future decision such as spatial navigation (for 
review, see Aggleton, 2009).  This is consistent with a model of the DMN in cognition as an 
“integrator” or “translation center” that in turn represents a convergence zone of interacting brain 
systems (Burgess et al., 2001; Byrne et al., 2007; Treserras et al., 2009; Vann et al., 2009).  Such 
a perspective predicts the PCC/rsp provides a vantage point for switching between an internal 
representation of the world and past experience (allocentric) and action-oriented body-centered 
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representations (egocentric).  This would also be consistent with the abilities supported by the 
DMN such as autobiographical memory and planning (e.g., Buckner et al., 2008 reviews support 
for these).  
 Related to our study, this model provides support for the preferential role of the DMN in 
executive function (Damoiseaux et al., 2008; Hampson et al., 2006).  Specifically the translation 
model emphasizes the role of the PCC/rsp in monitoring and linking endogenous mentation with 
the initiation of goal-directed action, supporting the overall role of the DMN in dynamically 
linking interacting neurocognitive networks. In turn, the efficacy of a network with this role 
would be best exposed during increased cognitive demand when multiple networks must 
effectively interact to maintain a high level of cognitive performance.  As such increased DMN 
connectivity would act as a parsimonious explanation for the preferential positive effect of 
aerobic exercise on executive functions, and is further supported by other studies showing 
exercise effects on brain regions in the DMN (Colcombe et al., 2006; Erickson et al., 2009; 
Pereira et al., 2007).  Even still, it remains imperative that future research test the extent to which 
connectivity of other networks (e.g, frontoparietal or motor) is associated with individual 
differences in aerobic fitness, how plasticity of these networks changes as a function of fitness 
training, and the specificity of individual differences in network function and plasticity related to 
cognitive outcomes. These research questions comprise a few of the critical next steps for 
understanding the role of aerobic exercise in promoting healthy cognitive aging.  
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Figure 1.1  
 
Caption: Voxel-wise exploratory analysis of regression of aerobic fitness onto whole-brain map 
of functional connectivity with the PCC/rsp seed with and without global signal correction.  Both 
analyses included regression of nuisance variables including a deep white matter ROI and lateral 
ventricle. The figure illustrates comparison of regional whole-brain analyses to assess the effect 
of preprocessing on the association of fitness with regional functional connectivity.  Illustrated 
are results from: 1) regression of motion correction parameters only and 2) regression of motion 
correction + global signal.  Results suggest that analysis while controlling for global signal 
variance is more sensitive to individual variation in fitness.  Results were unchanged with respect 
to fitness when visual cortex activation was also corrected for. All renderings are in radiological 
orientation (L=R, R=L). 
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Figure 1.2  
 
Caption: Regional age effects for the young > elderly contrast.  Statistical parametric maps 
shown above represent where young adults have significantly greater functional connectivity 
with the PCC/rsp seed compared to elderly adults.  The table lists statistical peaks of the 
corresponding statistical maps.  As shown in the table, FMC=Frontal medial cortex, 
MTG=middle temporal gyrus, PCC=posterior cingulate cortex, and PHG=parahippocampal 
gyrus.  The initial PCC/rsp seed is shown in green, and the derived peaks based on between-
group age effects are shown in yellow.  All renderings are in radiological orientation (L=R, 
R=L). 
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Figure 1.3 
 
Caption: Scatter plots for indirect path associations that showed significant mediation of the 
direct path between fitness and cognition. Scatter plots of associations that formed significant 
indirect pathways between aerobic fitness and cognition.  PCCFMC = connectivity z(r) of the 
posterior cingulate cortex with the frontal medial cortex; MTGMFG = connectivity z(r) of the 
middle temporal gyrus with the left middle frontal gyrus; MFGFMC = z(r) of the left middle  
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Figure 1.3 (cont.) 
 
frontal gyrus with the frontal medial cortex.  VO2 Max = maximal oxygen uptake (mL/kg/min). 
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Table 1.1 
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Table 1.2 
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McAuley, E., Kramer, A.F., 2010b. Plasticity of brain networks in a randomized intervention trial of exercise 
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31 
Chapter 2: 
Plasticity of brain networks in a randomized intervention trial of exercise training in older 
adults2 
 
Chapter Summary 
Research has shown the human brain is organized into separable functional networks 
during rest and varied states of cognition, and that aging is associated with specific network 
dysfunctions.  The present study used functional magnetic resonance imaging (fMRI) to examine 
low-frequency (.008<f<.08 Hz) coherence of cognitively relevant and sensory brain networks in 
older adults who participated in a one-year intervention trial, comparing the effects of aerobic 
and non-aerobic fitness training on brain function and cognition.  Results showed that aerobic 
training improved the aging brain’s resting functional efficiency in higher-level cognitive 
networks.  One year of walking increased functional connectivity between aspects of the frontal, 
posterior, and temporal cortices within the Default Mode Network and a Frontal Executive 
Network, two brain networks central to brain dysfunction in aging.  Length of training was also 
an important factor.  Effects in favor of the walking group were observed only after 12 months of 
training, compared to non-significant trends after six months.  A non-aerobic stretching and 
toning group also showed increased functional connectivity in the DMN after six months and in 
a Frontal Parietal Network after 12 months, possibly reflecting experience-dependent plasticity.  
Finally, we found that changes in functional connectivity were behaviorally relevant.  Increased 
functional connectivity was associated with greater improvement in executive function. 
Therefore the study provides the first evidence for exercise-induced functional plasticity in large-
scale brain systems in the aging brain, using functional connectivity techniques, and offers new 
insight into the role of aerobic fitness in attenuating age-related brain dysfunction.   
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Introduction 
The aim of this study was to further characterize potential biological mechanisms 
underlying restorative effects of exercise on the aging brain by examining the effect of a one-
year randomized controlled trial of exercise on age-related dysfunction in cognitively relevant 
brain systems and performance.   
Advancing age has the greatest impact on structural integrity of the frontal and medial 
temporal cortices and progressively lesser impact on posterior brain regions such as the parietal 
and occipital cortices (Davis et al., 2009; Fjell et al., 2009; O'Sullivan et al., 2001a; Raz, 2005), 
although some evidence suggests even the occipital cortex experiences cortical thinning with age 
(Salat et al., 2004).  Functionally, this corresponds to disruption in brain networks that depend on 
efficient communication in the prefrontal cortex (Colcombe et al., 2005; Persson et al., 2006), 
and pathways between the frontal and posterior cortices (Andrews-Hanna et al., 2007; Thomas et 
al., 2008).  Studies also show aging is associated with altered fronto-temporal activation patterns 
compared to young adults during hippocampal-dependent tasks, such that older adults tend to 
have more fronto-temporal activation compared to younger adults who co-activate the 
hippocampus with regions involved in the perceptual representation of to-be remembered stimuli 
(Dennis et al., 2008; Grady et al., 2003).  One study suggested this altered fronto-hippocampal 
pattern in aging might be due to deficient deactivation in a network of task-independent brain 
regions called the Default Mode Network (Miller et al., 2008).  Thus the frontal cortex plays a 
prominent role in cognitive aging, and interventions that target improved communication and 
dynamic interaction between frontal and posterior and temporal brain regions are likely 
candidates for reducing age-related cognitive decline. 
A promising approach for characterizing the nature of interactions among brain regions is 
to consider them as part of a larger context, or brain systems.  Using functional magnetic 
resonance imaging (fMRI) one technique to do this is functional connectivity analysis, where 
functional connectivity refers to a measure of the temporal coherence between spatially remote 
brain regions.  For instance, two regions with a positive correlation in signal over time are said to 
have high functional connectivity, and regions uncorrelated or negatively correlated are thought 
to be in separate, and sometimes competing, brain networks (Fox et al., 2005; Kelly et al., 2008).  
A large proportion of studies using functional connectivity, including the current study, have 
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studied brain systems while the brain is at rest or independent of specific cognitive demands 
(Fair et al., 2007; Fox et al., 2005). This permits a view of the brain’s intrinsic functional 
architecture, which is shaped continually by our experiences (Albert et al., 2009; Lewis et al., 
2009) and in turn shapes how we perceive and interact with the world (Seeley et al., 2007). 
Of particular interest here are brain systems affected by aging.  At least three large-scale 
brain networks require efficient communication between the frontal cortex and the rest of the 
brain and thus are negatively affected by aging.  These include the Default Mode Network 
(DMN), a fronto-executive network (FE), and a fronto-parietal (FP) network.  The DMN 
includes the posterior cingulate, ventral and superior frontal medial cortices, and bilateral lateral 
occipital, middle frontal, hippocampal and parahippocampal, and middle temporal cortices 
(Buckner et al., 2008; Fox et al., 2005).  Hypotheses for the functional role of the DMN include 
memory consolidation, self-referential thought, mind-wandering, and autobiographical memory 
(Buckner et al., 2008; Schilbach et al., 2008), however evidence also supports a relationship 
between DMN function and executive control.  For instance, increased DMN function has been 
associated with better working memory performance in young adults (Hampson et al., 2006), and 
better performance on a range of executive function tasks in older adults (Andrews-Hanna et al., 
2007; Damoiseaux et al., 2008; Persson et al., 2007; Voss et al., 2010a).  Thus the DMN 
represents an important network for understanding determinants of healthy cognitive aging.   
Compared to the DMN, there have been relatively few examinations relating age-
associated task-free disruption in the FE and FP networks to behavioral deficits.  The FE network 
includes the anterior prefrontal cortex, insular and frontal operculum cortices, the tempo-parietal 
junction, and the dorsal posterior and anterior cingulate gyri (Dosenbach et al., 2006).  
Functionally, this network is involved in sustained task-set maintenance, error feedback for 
tuning top-down control, and maintaining associations between actions and their outcomes 
(Dosenbach et al., 2006; Rushworth et al., 2004). Although there have been few examinations of 
age-related disruption in intrinsic functional connectivity in the FE network, a vast literature 
supports age-related decline in performing tasks implemented by this network (for review, see 
Park and Reuter-Lorenz, 2009). 
The FP network includes the inferior parietal cortices, the supplementary motor and 
primary cortices, the frontal eye-fields, primary and extrastriate visual cortices, the inferior 
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frontal cortex, and some overlapping portions of the tempo-parietal junction with the FE network 
(Corbetta and Shulman, 2002; Dosenbach et al., 2006).  Whereas some studies have shown age-
related structural and functional disruption in the FP network (Andrews-Hanna et al., 2007; 
Madden et al., 2007), the relationship between network disruption in healthy aging and cognitive 
performance has not been clearly shown.  Nevertheless, the DMN, and the FE and FP networks 
represent three brain systems that are susceptible to age-related disruption, likely corresponding 
to performance disruptions in associated functional domains of cognition.  The current study 
focuses on the capacity for a one-year randomized aerobic exercise program to remediate age-
related disruption in these brain systems. 
Our rationale for examining the effect of exercise on age-related deficits in brain 
connectivity stems first from evidence that aerobic exercise is associated with increased 
structural and functional integrity in regions that overlap with age-related brain dysfunction, 
including the frontal (Colcombe et al., 2006; Colcombe et al., 2003; Colcombe et al., 2004), and 
temporal cortices (Adlard et al., 2005; Creer et al., 2010; Erickson et al., 2009; Pereira et al., 
2007).  Exercise has also been shown to positively affect brain regions involved in locomotion 
such as the motor cortex (Kleim et al., 2002; Swain et al., 2003), the basal ganglia (MacRae et 
al., 1987a; McCloskey et al., 2001), and the cerebellum (Black et al., 1990; Isaacs et al., 1992; 
Larsen et al., 2000), although this literature is comprised primarily of rodent studies. 
Behaviorally aerobic exercise is associated with improved performance in abilities coordinated 
by the frontal and temporal cortices, such as executive function and memory (Colcombe and 
Kramer, 2003; Colcombe et al., 2004; Creer et al., 2010; Pereira et al., 2007; Voss et al., 2010a). 
The precise neurobiological mechanism for such cognitive effects remains unknown, however a 
vast rodent literature supports a central role of protective neurotrophins such as brain-derived 
neurotrophic factor (BDNF), nerve growth factor (NGF), and insulin-like growth factor (IGF-1) 
(Cotman and Berchtold, 2002; Farmer et al., 2004; Gomez-Pinilla et al., 2008; Neeper et al., 
1995; Neeper et al., 1996; Vaynman et al., 2004), which have been shown to facilitate production 
of new neurons in the hippocampus, promote synaptic plasticity in the hippocampus and cerebral 
cortex, and enhance growth and protection of neurovasculature (Chen et al., 1995; Creer et al., 
2010; Farmer et al., 2004; Pereira et al., 2007; Sonntag et al., 2005; Swain et al., 2003; Van 
Praag et al., 1999). Thus literature suggests exercise may promote formation and strengthening 
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of connections between the hippocampus and its widespread cortical connections, including 
strong connections with the frontal and temporal cortex, and projections to the parietal and 
lateral occipital cortex through cingulate pathways (Miller, 1991).  
Consistent with this, it has been recently shown that aerobic fitness, reflective of 
increased daily aerobic exercise and a physically active lifestyle, is positively associated with 
functional connectivity in the DMN at rest, and that this in part mediates better performance on 
tasks requiring set-shifting, task switching, and spatial working memory (Voss et al., 2010a).  
That exercise is associated with improved resting or task-independent cortical function suggests 
exercise affects the most basic aspects of the brain’s functional architecture.  The DMN has also 
shown a growing capacity for predicting individual differences in markers of pathological aging 
associated with amyloid deposition (Hedden et al., 2009) and positive diagnosis of MCI and AD 
(Greicius et al., 2004; Lustig et al., 2003).  Thus it appears there are interesting- but relatively 
unexplored- links between physical activity, DMN function, cognitive aging and risk for 
dementia.  The current study adds to existing literature by examining exercise training-related 
changes in functional connectivity in the DMN, and two other brain networks known to 
implement complex cognition (FE and FP). To examine whether there is specificity of training 
effects to higher-level cognitive systems, we also examined connectivity in the motor and 
auditory systems.  Finally, given the previous literature on aging and exercise, we assessed 
whether changes in functional brain organization corresponded to improved cognitive 
performance in tasks of verbal short-term memory and executive functions, including task-
switching, set-shifting and inhibition, and spatial working memory.   
Because we sought to characterize the nature of exercise training effects on the brain and 
cognition in aging, we first identified peak regions of age-related disruption in brain networks, 
based on a comparison of functional connectivity between young and elderly adults.  We next 
identified regions that showed increased connectivity for older adults.  This allowed us to 
determine whether exercise-related brain plasticity increases connections that are presently “in 
use” in older adults (i.e., do olders become increasingly different than young?), or whether 
exercise increases connectivity such that disruptions are remediated and brain systems shift to 
their original, or younger, state (i.e., do olders become more like young?).  Second, we examined 
changes in functional connectivity among identified regions across three time-points, at baseline 
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before training began, six months post baseline and 12 months post baseline at the conclusion of 
the training program.  Previous research has examined the effects of six months of aerobic 
exercise on brain and cognition; however, to our knowledge no study has conducted a 
randomized controlled trial testing the effects of aerobic exercise training on human brain health 
over a one-year trial. Based on the behavioral and neuroimaging effects of exercise in humans, 
and results from animal studies, we hypothesized that aerobic exercise training would be 
associated with increased functional connectivity in the frontal and temporal cortices in the 
DMN and FE systems, and in the frontal and parietal cortex in the FP system. We also assessed 
connectivity between brain regions that are involved in locomotor aspects of physical activity 
including the primary motor cortices. Animal studies have shown that aerobic exercise primarily 
enhances angiogenic factors in the motor cortex (Adkins et al., 2006); therefore if localized 
angiogenesis is a key factor in aerobic training-enhanced functional connectivity then we should 
also see functional connectivity changes in favor of the walking group in the primary motor 
cortex. Finally, we examined age-related decrements in the auditory system.  If exercise training 
has a global effect on brain function and up-regulation of neurotrophins, including both higher-
level cognitive systems and basic sensory systems, fitness training would also enhance functional 
connectivity in the auditory system.  However, if the effects of exercise training are specific to 
brain systems mediating cognitive (and perhaps motor control), then there would be no effects of 
exercise training on functional connectivity in the auditory system.  Ultimately we believe 
exercise positively affects neurobiological substrates that facilitate coordination of brain systems 
during complex cognition (i.e., fronto-temporal connections) and in turn decreases the need for 
compensatory responses associated with age-related biological degradation (Park and Reuter-
Lorenz, 2009).  Therefore, we hypothesize that aerobic training will result in a shift towards the 
younger state and functional organization more like young adults. 
 
Methods 
Participants 
Participants were recruited from the local community of Urbana-Champaign, Illinois.  
Eligible participants had to (1) demonstrate strong right handedness, with a 75% or above on the 
Edinburgh Handedness Questionnaire (Oldfield, 1971), (2) be between the ages of 18 and 35 for 
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young adults and between 55 and 80 years for elderly adults (3) score > 51 on the modified Mini-
Mental Status Exam  (mMMSE, Stern et al., 1987)), a screening questionnaire to rule out 
potential neurological pathology, (4) score < 3 on the Geriatric Depression Scale (GDS) (Sheikh 
and Yesavage, 1986), (5) have normal color vision (6) have a corrected visual acuity of at least 
20/40 and (7) sign an informed consent. In addition, elderly participants had to report being low 
in physical activity, which was defined as having been physically active for 30 minutes or more 
no more than two times in the last six months. Participants completed a mock MRI session, 
wherein they were screened for their ability to complete an experiment in an MRI environment.  
Participants who passed the mock screening subsequently completed a series of structural and 
functional MRI scans, and for the elderly subjects, a graded maximal exercise test.  Prior to MR 
scanning all participants were tested for visual acuity and (if need be) corrective lenses were 
provided within the viewing goggles to ensure a corrected vision of at least 20/40 while in the 
scanner.  Participants were compensated for their participation.   
Demographic information for young and elderly adults is presented in Table 2.1.  Elderly 
participants were further randomized to either an aerobic walking group or a control group that 
participated in a stretching and toning program. The groups did not significantly differ in 
baseline fitness level, mean years of education, or gender (all p>.05), see Table 2.1.  
Neuroimaging measures were collected as part a larger task battery, and were originally 
developed to be passive viewing tasks for localizing stimulus-specific processing regions of the 
ventral visual cortex.  Participants in this study represent a subset of a previously published 
investigation of age-related differences in stimulus processing specificity (Voss et al., 2008).  We 
have previously demonstrated that functional connectivity techniques are applicable to the data 
from a single assessment session (Voss et al., 2010a).  Lastly, it is important to note that 
participants in the current study represent a subset of the participants recruited for the study, here 
comprised of those who completed fMRI/MRI and cognitive assessments at baseline, 6 mo. and 
12 mo. sessions without excessive motion or artifact in the MR data.  Yet, participant 
demographics in the current study do not significantly differ (p > .05) from a baseline sample of 
elderly adults that was nearly double in sample size (Voss et al., 2010a), providing evidence that 
participants in the current study are representative of the larger sample.  
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Measures 
Neuropsychological Measures 
The following four tasks were used to assess verbal short-term memory, working 
memory, and executive control processes, with forward and backward span assessing verbal 
short term memory, a spatial working memory task assessing visuo-spatial working memory, and 
a measure of task-switching and the Wisconsin Card Sort Task assessing executive control 
processes.  These measures were chosen for their joint sensitivity to individual differences in 
aging and aerobic fitness. Details for each task are given below. 
Digit Span Task. This task yielded two measures of short-term memory.  Forward Span 
was administered first.  For this task, a task administrator read a sequence of numbers out loud to 
participants (e.g. 4-5).  Participants were instructed to repeat the sequence of numbers to the 
administrator in the same order (e.g. 4-5).  Participants were given two trials (e.g. 4-5; 2-4) for 
each list length.  List lengths began with a two number sequence and incrementally increased by 
one number (maximum seven number sequence) if participants could correctly repeat the 
sequence in correct order for at least one trial.  If participants incorrectly repeated the sequences 
of a particular list length in both trials, the previous list length was recorded as the dependent 
variable.  Next, the Backward Span Task was administered.  This is similar to the forward span 
task, except that the participants are requested to repeat the sequence of numbers back to the 
administrator in reverse order (e.g. 5-4, if administrator said 4-5). The number of digits increased 
by one (minimum 2, maximum 7) until the participant consecutively failed in both trials of the 
same digit span length, where the previous list length, was recorded as the dependent variable.  
The additional requirement of holding the list in one’s head while reporting the list in reverse 
order makes the Backward Span Task more difficult.  However, backward recall lacks key 
components of classic working memory tasks which require continual online processing and 
updating of information, and has been shown to be differentially affected by aging compared to 
working memory and to more closely align with Forward Digit Span in patterns of age-related 
deficit (Bopp and Verhaeghen, 2005). Therefore, for our purposes we used performance on 
Forward and Backward Span as two dependent variables that represent simple and complex 
short-term memory abilities, respectively.  
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Spatial Working Memory.  This task provided a measure of the ability to form and retain 
memories of spatial locations over a delay period. Online maintenance and continual updating of 
spatial locations during delay and response is essential to good performance, therefore this task 
measures working memory abilities.  First, a fixation crosshair appeared for one second and 
participants were instructed to keep their eyes on the crosshair.  Following the fixation, either 
one, two, or three black dots appeared at random locations on the screen for a duration of 500 
ms. The dots were removed from the display and the fixation cross re-appeared on the screen for 
a period of three seconds.  During this time, participants were instructed to try and remember the 
locations of the previously presented black dots.  At the end of the three-second delay, a red dot 
appeared on the screen in either one of the same locations as the target dots (match condition) or 
at a different location (nonmatch condition).   Participants had two seconds to respond to the red 
dot by pressing one of two keys on a standard keyboard – the ‘x’ key for a nonmatch trial, and 
the ‘m’ key for a match trial.  Forty trials were presented for each set size (1, 2, or 3 locations), 
with 20 trials as match trials and 20 trials as nonmatch trials.  Participants were instructed to 
respond as quickly and accurately as possible.  Several practice trials were performed before the 
task began in order to acquaint the participants with task instructions and responses.  Since our 
goal was to characterize general spatial working memory performance, we computed a 
composite variable of reaction time and error rate across all three conditions.  Normalized 
average reaction time and normalized average error rates were summed to create one measure 
summarizing overall performance in the spatial working memory task.   Note due to computer 
error there were two participants with missing data at baseline (one walker, one FTB). 
Task-Switching. This task provided a measure of executive function by testing 
participants’ abilities to flexibly switch their focus of attention between multiple task sets.  In 
this task participants had to switch between judging whether a number (1, 2, 3, 4, 6, 7, 8, or 9) 
was odd or even and judging whether it was low or high (i.e., smaller or larger than 5). Numbers 
were presented individually for 1500 ms against a pink or blue background at the center of the 
screen, with the constraint that the same number did not appear twice in succession. If the 
background was blue, participants used one hand to report as quickly as possible whether the 
letter was high (“X” key) or low (“Z” key). If the background was pink, participants used their 
other hand to report as quickly as possible whether the number was odd (“N” key) or even (“M” 
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key). Participants completed four single task blocks (2 blocks of odd/even and 2 blocks of 
high/low) of 24 trials each.  Due to the difficulty of this task, participants were provided with a 
practice block in which they switched from one task to the other for 120 trials.  This practice 
block allowed participants to become acquainted with the switching block and ensured 
compliance with task instructions.  Finally, they completed a dual task (switching) block of 120 
trials during which the task for each trial was chosen randomly. This task was similar to that of 
Kramer, Hahn, and Gopher (1999) and Pashler (2000); the version of the task reported in this 
study was programmed and administered using E-prime software (Psychology Software Tools, 
www.pstnet.com).  For the current study, the primary executive function measure in this task was 
local switch cost, given that this was preferentially associated with aerobic fitness and functional 
connectivity in a cross-sectional study (Voss et al., 2010a).  Local switch cost refers to the 
difference in performance for trials when the preceding trial involved the same task (non-switch 
trial) and those when the preceding trial was of the other task (switch trial), and represents a 
measure of attentional set re-configuration and inhibition, two sub-components of executive 
function (Miyake et al., 2000).  Only reaction time measures (based on mean reaction time) were 
used for computing local switch cost. 
Wisconsin Card Sorting Task (WCST).  In this task, participants completed a 
computerized version of the WCST, assessing multiple components of executive function 
including working memory, inhibition, and switching processes (O’Sullivan et al., 2001).  This 
task was chosen because of its reliance on executive functions and set switching, which should 
show similar patterns of association to the local switch cost measure described above.  The 
participant’s task was to sort cards displayed on a computer screen.  The cards contained 
geometric designs and could be sorted into categories by shape, color, or number of the design.  
Participants were asked to match each card that appeared in the lower portion of the computer 
screen with one of four cards displayed at the top of the screen.  The participants were told that 
the computer would provide feedback about the accuracy of their decision, but that the examiner 
could not give them any additional instructions about the task.  For the present study, we 
computed a metric of perseverative errors that measures the inability to flexibly adapt to a 
changing rule set. The primary dependent variable for this measure was computed by taking the 
average of the standardized number of perseverative responses and perseverative errors, and 
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computing their residuals after regression onto the total number of errors, to control for overall 
level of performance (Raz et al., 2003).  To minimize test-retest facilitation of recognizing 
changing rule sets, the WCST was only administered at baseline and 12-month sessions.  Due to 
data collection error there was missing data for the WCST, including five scores at baseline and 
five different participants’ scores at the 12-month session.  For both baseline and 12-month 
sessions there were 2 walkers and 3 FTB participants with missing data. 
 
Aerobic fitness assessment.   
Elderly participants were required to obtain consent from their personal physician before 
cardiorespiratory fitness testing was conducted. Aerobic fitness (VO2 max) was assessed by 
graded maximal exercise testing on a motor-driven treadmill.  The protocol involved the 
participant walking at a speed slightly faster than their normal walking pace (approximately 30–
100m per minute) with increasing grade increments of 2% every two minutes. A cardiologist and 
nurse continuously monitored measurements of oxygen uptake, heart rate and blood pressure.  
Oxygen uptake (VO2) was measured from expired air samples taken at 30-second intervals until 
a maximal VO2 was attained or to the point of test termination due to symptom limitation and/or 
volitional exhaustion. VO2 max was defined as the highest recorded VO2 value when two of 
three criteria were satisfied: (1) a plateau in VO2 peak between two or more workloads; 2) a 
respiratory exchange ratio >1.00; and (3) a heart rate equivalent to their age predicted maximum 
(i.e. 220 - age).   Due to scheduling difficulty, two participants in the stretching group did not 
have fitness assessments at the 6-month session; all participants had fitness assessments at 
baseline and 12-month sessions. VO2 max values for participants at baseline, 6 mos., and 12 
mos. are shown in Table 1.  Note that across all three of the time points, even with improvements 
from the intervention, both groups of participants were in the bottom 10th percentile of the 
population for VO2 max based on their age and gender (Whaley et al., 2006), reflecting our 
exclusive recruitment of currently low active older adults. 
 
Exercise intervention.   
Older adults were randomly assigned to participate in either an aerobic walking program, 
or a control group that did non-aerobic stretching and toning exercises.  The non-aerobic control 
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group served to match groups for social contact associated with group exercise and to determine 
effects on brain function specific to aerobic exercise.  Both the walking and control groups met 
three times per week. 
Walking condition. For the walking program, a trained exercise leader supervised all 
sessions. Participants started by walking for ten minutes and increased walking duration weekly 
by five-minute increments until a duration of 40 minutes was achieved at week seven. 
Participants walked for 40 minutes per session for the remainder of the program. All walking 
sessions started and ended with approximately five minutes of stretching for the purpose of 
warming up and cooling down. Participants wore heart rate monitors and were encouraged to 
walk in their target heart rate zone, which was calculated using the Karvonen method (Strath et 
al., 2000) based on the resting and maximum heart rates achieved during the baseline maximal 
graded exercise test. The target heart rate zone was 50-60% of the maximum heart rate reserve 
for weeks one to seven and 60-75% for the remainder of the program. Participants in the walking 
group completed an exercise log at each exercise session. Every four weeks, participants 
received written feedback forms that summarized the data from their logs. Participants with low 
attendance and/or exercise heart rate were encouraged to improve their performance in the 
following month. 
Flexibility, toning, and balance (FTB) control condition. For the FTB program a trained 
exercise leader led sessions. All FTB classes started and ended with warm-up and cool-down 
stretches. During each class, participants engaged in four muscle toning exercises utilizing 
dumbbells or resistance bands, two exercises designed to improve balance, one yoga sequence, 
and one exercise of their choice. To maintain interest, a new group of exercises was introduced 
every three weeks. During the first week, participants focused on becoming familiar with the 
new exercises, and during the second and third weeks, they were encouraged to increase the 
intensity by using more weight or adding more repetitions. Participants in the FTB group also 
completed exercise logs at each exercise session and received monthly feedback forms. They 
were encouraged to exercise at an appropriate intensity (13-15 on the Borg RPE scale; (Borg, 
1985) and attend as many classes as possible.  
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Imaging Methods   
For all participants, high resolution T1-weighted brain images were acquired using a 3D 
MPRAGE (Magnetization Prepared Rapid Gradient Echo Imaging) protocol with 144 contiguous 
axial slices, collected in ascending fashion parallel to the anterior and posterior commissures, 
echo time (TE)=3.87 ms, repetition time (TR)=1800 ms, field of view (FOV)=256 mm, 
acquisition matrix 192 mm x 192 mm, slice thickness=1.3mm, and flip angle=8º.  All images 
were collected on a 3T head-only Siemens Allegra MRI scanner.   
Functional MRI (fMRI) scans were acquired during three passive viewing tasks: 1) a 
checkerboard task comprised of luminance-matched flashing black-and-white checkerboards and 
flashing color checkerboards at a rate of 8 Hz, each checkerboard condition was presented in two 
separate 30-second blocks that alternated with 20-second blocks of fixation baseline; 2) a word 
viewing task comprised of 30-second blocks of words, pseudo-words, and letter strings, 
presented separately in two 30-second blocks that alternated with 20-second blocks of fixation 
baseline, each block consisted of 20 unique stimuli that were each presented for one-second with 
a 500-ms fixation between each word presentation; and 3) a face/building viewing task 
comprised of three 20-second blocks of faces and buildings that alternated with 20-second blocks 
of luminance matched scrambled images (taken from the face and building stimulus set) as the 
baseline condition, each block consisted of 20 unique black-and-white images (controlled for 
luminance and dimension) that were each presented for one-second.  In each task participants 
were instructed to keep their eyes open and to pay attention to the screen.   
Visual stimuli were presented with MRI-safe fiber optic goggles (Resonance 
Technologies, Inc.).  Participants completed the passive viewing tasks as part of a larger battery 
of cognitive paradigms within the scanner.  For the fMRI tasks, T2* weighted images were 
acquired using a fast echo-planar imaging (EPI) sequence with Blood Oxygenation Level 
Dependent (BOLD) contrast  (64 x 64 matrix, 4 mm slice thickness, TR = 1500 ms, TE = 26 ms, 
flip angle = 60).  A total of 150 volumes were acquired per participant for the checkerboard task, 
220 volumes for the word task, and 180 volumes for the face/building task. 
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Image Analysis 
Structural MRI preprocessing.  Each participant’s low-resolution EPI image was 
registered to his or her high-resolution T1 structural image, which was subsequently registered to 
stereotaxic space (study-specific template generated using 152 T1 MNI as the target volume, 
Montreal Neurological Institute) using FLIRT 12-parameter affine linear registration (Jenkinson 
et al., 2002).  For the aging analysis a study-specific template was made including 64 
representative brains chosen randomly from the sample (32 young and 32 old).  This was done to 
ensure that the reference image was not biased towards older adults.  Functional images from 
six- and 12-month sessions were also registered to this study-specific template.  To make the 
study-specific template, high-resolution structural images were first skull-stripped using BET 
(Smith, 2002), and manually inspected and corrected for any skull-stripping errors.  Next, the 
structural images were registered to the 152 T1 MNI volume using FLIRT 12-parameter affine 
linear registration (Jenkinson et al., 2002).  Finally, registered volumes were averaged to form a 
representative reference volume. Before group analyses, functional data were registered to 
stereotaxic space using transforms generated from the alignment of high-resolution T1 images. 
fMRI Preprocessing.  fMRI data preprocessing was carried out using FSL 4.1.4 (FMRIB's 
Software Library, www.fmrib.ox.ac.uk/fsl).  The following pre-statistics processing was applied: 
rigid body motion correction using MCFLIRT (Jenkinson et al., 2002), removal of non-brain 
structures using BET (Smith, 2002), spatial smoothing using a Gaussian kernel of FWHM 6.0-
mm, grand-mean intensity normalisation of the entire 4D dataset by a single multiplicative 
factor, and temporal filtering to restrict the bandwidth of the fMRI signal to .008 < f < .080 Hz. 
Functional Connectivity seeding analysis.  To examine age-related differences in 
functional connectivity, a seeding analysis was done based on known anatomical hubs of the 
DMN, FE, and FP networks (see Table 2).  Individual-level seeding procedures followed those 
described in previous studies of low-frequency functional connectivity (e.g., Fox et al., 2005).  
The mean time-series from three nuisance ROIs including a region in deep white matter in left 
temporal cortex, a region in the left lateral ventricle, and a whole brain mask to reflect global 
signal changes were used as nuisance regressors.  Differences in heart rate variability on intrinsic 
fMRI BOLD changes have been associated with signal change in the CSF (de Munck et al., 
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2008), therefore the CSF nuisance regressor should provide protection against spurious results as 
a function of heart rate.  Further, since the tasks involved passive viewing, we have no reason to 
believe they would induce individual variation in signal change related to differential task-related 
heart-rate modulation as a function of fitness level (e.g., van Buuren et al., 2009).  Finally, 
whereas global signal has been shown to correlate with cardiac and respiration-induced changes 
in the fMRI BOLD signal (Birn et al., 2006; Chang et al., 2009; Wise et al., 2004), we have 
shown that there is greater sensitivity to fitness-related variation in functional connectivity when 
statistically controlling for global signal (Voss et al., 2010).  To further isolate our examination to 
intrinsic functional connectivity, we also extracted signal from a bilateral ROI in primary visual 
cortex (125 anatomical-voxel spheres centered at +18, -98, -4, derived from the literature 
(Andrews-Hanna et al., 2007)).  This visual cortex regressor, along with the global signal 
regressor, were cautionary measures to ensure our estimates of functional connectivity were not 
inflated due to the additive influence of synchronized task-evoked signal change.   In addition to 
nuisance fMRI signal, six motion parameters computed by rigid body translation and rotation in 
preprocessing (Jenkinson et al., 2002) were included in the nuisance regression. 
Following nuisance regression, normalized residual functional volumes were used for 
extracting a corrected mean timeseries of seeds of interest from individual functional runs.  
Voxel-wise pearson correlation coefficients between the corrected timeseries of the seed region 
and the timeseries of each voxel in the residual image were computed in MATLAB.  These 
statistical maps were converted to Fisher's Z maps using Fisher’s r-to-z transformation (Zar, 
1996) to improve normality.  This procedure was done for each passive viewing task.  Individual-
level analyses of voxel-wise functional connectivity were then aggregated within subject (across 
the three functional runs) for greater statistical power, using ordinary least squares (OLS) in 
FSL's FEAT tool.  Finally, the mean individual-level statistical maps were forwarded to a mixed-
effects OLS group analysis that considered between-subject variation (Beckmann et al., 2003).  
Aggregating data from three passive viewing tasks, in addition to providing greater statistical 
power, ensures that the results are independent of ongoing visual stimulation. Furthermore, 
functional connectivity estimates in young adults showed comparable (within 1 standard 
deviation) test-retest reliability with pure resting state data (Shehzad et al., 2009), suggesting the 
data have comparable reliability to other resting state studies.  The DMN was examined in 
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Shehzad et al., so following the protocol outlined in their study we calculated intra-class 
correlations (ICC) across the three runs among ROI pairs showing age-disruption in the DMN 
(see Table 2).  In young adults ICC = .32 (SD=.11) and in older adults ICC = .18 (SD=.10).  Note 
ICC’s were only calculated on young adults in Shehzad et al., 2009; to our knowledge no 
published ICC estimates exist for resting state data of healthy older adults.   
In the mixed-effects between-subjects analysis, we compared young and elderly adults’ 
mean functional connectivity, using five initial seeds to anchor the three cognitive networks of 
interest (see Table 2) and two sensory networks (see Table 4), while (in a voxel-wise manner) 
controlling for the variance associated gray matter volume.  The Young > Old contrast of interest 
resulted in a statistical map representing where aging is associated with decreased functional 
connectivity with an anchored network seed (see Tables 2 and 4).  ROIs were determined from 
this analysis based on statistical peaks in separable anatomical brain areas known to comprise 
each network and as demarcated in the Harvard-Oxford cortical atlas packaged with the FSL 
software package (FSL 4.1.4, FMRIB's Software Library, www.fmrib.ox.ac.uk/fsl).  For the 
cognitive networks, a parallel analysis was done to identify regions where older adults had 
greater connectivity than younger adults.  Peaks for all contrasts are listed in Tables 2, 3 and 4 
and are illustrated in Figure 1 for the cognitive networks.  Note, following mixed-effects higher-
level analysis, the distribution of statistical parametric maps was determined as Gaussian and 
statistical thresholding was based on Z-statistic scores of contrast parameter estimates; statistical 
map threshold was set at voxel Z = 2.33, with cluster correction of p<.05 (Worsley et al., 1992).   
Cross-correlation of timecourses between peak ROIs was computed for each participant, 
fisher transformed to ensure additivity, and then averaged across the three runs.  Fisher 
transformed correlation estimates from within network ROI-pairs were the primary dependent 
measures used to examine the treatment effect on age-related dysfunction in functional 
connectivity.  Unlike the ROIs derived from the Young > Old contrast, the Old > Young contrast 
resulted in ROIs from networks mostly distinct from the seed (see Table 3 and Figure 1).  
Therefore, all inter-regional relationships were not representative of connectivity that was greater 
for older compared to young adults.  Consequently, we only examined direct seed-to-ROI pairs 
for the analysis of exercise effects on connectivity in regions where old had greater baseline 
connectivity compared to young.  
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Statistical analyses   
Intervention effect on functional connectivity.  A series of multivariate analysis of 
covariance analyses (MANCOVA) were conducted to determine the effects of exercise training 
(walking, FTB) on dependent measures of functional connectivity.  Separate analyses were 
conducted for each network to assess (a) change from baseline to the six-month session, (b) 
change from baseline to the 12-month session, and (c) when there was a group difference for 
either the six or 12-month session, we assessed change from the six to 12-month session.  The 
last step was done to characterize the temporal nature of the magnitude of change between 
sessions. Furthermore, the ANCOVA analysis approach was chosen over repeated measures 
analysis due to observation of chance group differences at baseline in some ROI-pairs (not all of 
which ended up showing statistically significant change effects), and ANCOVA provides a 
comparison of groups that is unaffected by baseline differences (Vickers and Altman, 2001). That 
is, since one disadvantage of repeated measures is that a group x time interaction can be driven 
by several factors, some of which may not be relevant to the question of interest (such as group 
differences at baseline), this analysis method may have led to spurious interaction effects in the 
current study (Vickers, 2005; Vickers and Altman, 2001). 
First, functional connectivity of ROI pairs that showed age-related disruption in the DMN 
at baseline were extracted at the six-month session and entered as multivariate dependent 
variables, and examined as a function of intervention group, while baseline functional 
connectivity in the same ROI pairs were entered as covariates.  Following the test for six-month 
effects, the same analysis was done for 12-month effects using functional connectivity from ROI 
pairs from the 12-month session as dependent variables and ROIs pairs from baseline as 
covariates.  Given a significant group difference at either the six or 12-month session, the same 
analysis was done for 12-month effects using functional connectivity from ROI pairs from the 
12-month session as dependent variables and ROIs pairs from the 6-month session as covariates. 
This procedure was repeated for the FE, FP, and primary motor and auditory networks for Young 
> Old contrast, and for the DMN, FE, and FP networks for the Old > Young contrast.  The 
sensory networks were not tested for the Old > Young contrast because it is thought that 
compensatory neural circuits most likely develop under high cognitive load in aging, and 
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therefore should be manifest most in neural networks that support cognitively demanding mental 
activity.  Thus we based our investigation of the Old > Young contrast in the context of the 
cognitive networks.  As evident in Figure 1, older adults showed greater connectivity between 
rather than within networks.  As a result, ROI pairs other than those including the initial seed 
were often not representative of pairs with greater connectivity for older adults.  Therefore, we 
examined exercise-induced change in regions where older adults had greater connectivity at 
baseline by only including ROI pairs that included the initial seed.  Otherwise, the procedure for 
examining changes in functional connectivity where olders initially had more connectivity was 
the same as described above.  For all tests a non-significant Levene's test confirmed that 
assumptions of homogeneity of variance were met, and are reported if found otherwise.  Overall 
model fit was assessed in each network using Pillai's Trace, a conservative metric for two-group 
comparisons, followed by univariate ANOVA tests for each ROI pair. For all analyses, unless 
otherwise noted, effects were considered statistically significant if p<.05. Exercise effects are 
visualized by plotting marginal group means from the analysis at the corresponding time point 
(error bars represent 1+ standard error of the marginal mean).  Statistical analyses were 
conducted using SPSS 17.0 for Macintosh.  
Effects of intervention on cognition.  To examine whether cognitive performance changed 
as a function of intervention we computed composite measures of cognitive performance based 
on an exploratory principle components analysis (PCA).  PCA was conducted on the five 
primary cognitive measures (forward span, backward span, spatial working memory, local switch 
cost, perseverative errors) with orthogonal rotation (varimax).  Components were determined by 
grouping individual measures with the component for which they had the largest loading, given 
an overall component eigenvalue greater than one.  The correlation matrix between measures 
was also examined to ensure the correlation between measures was consistent with the 
determined components.  Following PCA at baseline, we generated composite cognitive 
measures by normalizing the scores associated with each measure and summing measures that 
loaded on common components.  Since the WCST was only administered at baseline and 12-
month sessions, cognitive composite scores were only computed for the baseline and 12-month 
session.  Finally, we assessed whether the intervention had an effect on cognition by doing a 
repeated measures analysis with cognitive composite measures from the 12-month session as the 
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within-subject factors (repeated measures), group as the between-subjects factor, and baseline 
cognitive composite measures as covariates.   
Linking biological and cognitive change.  To determine whether changes in functional 
connectivity corresponded to meaningful change in cognitive performance, we conducted partial 
correlations between cognitive composite measures from the 12-month session and functional 
connectivity measures from the 12-month session (including only ROI-pairs that showed 
intervention effects in favor of either group), while controlling for variance in their respective 
baseline measures.  
 
Results 
Age differences in functional connectivity 
Mean statistical maps for the average of old and young subjects, for cognitive networks, 
are illustrated in Figure 2.1A, followed by statistical maps for the contrasts of Young > Old and 
Old > Young in Figures 2.1B and 2.1C, respectively.  Functional anatomical coordinates and 
description of ROI abbreviations corresponding to peak age differences are listed in Table 2.2 
(Young > Old) and Table 2.3 (Old > Young).  We also tested for age-disruption in two sensory 
networks, corresponding to primary motor and auditory systems.  Statistical peaks and 
description of ROI abbreviations for the Young > Old contrast in these networks is listed in Table 
2.4. Sensory networks were not tested for the contrast of Old > Young.  
 
Training effects on changes in functional connectivity 
Multivariate analysis of covariance (MANCOVA) was conducted to determine the effects 
of training (walking, FTB) on dependent measures of functional connectivity.    
Default mode network.  After six months of training we found a non-significant, but 
trending, effect on the connectivity of the DMN, Pillai's trace V=.42, F(15,34)=1.66, p=.11, 
η2=.42.  However, regionally the effects were in favor of the FTB group.  Univariate ANOVAs 
revealed significant ROI pairs for connectivity between PCC-FMC, F(1,48)=4.17, p<.05,  
η2=.08, and PCC-BMTG, F(1,48)=4.11, p<.05, η2=.08. Both effects remained significant after 
Bonferonni adjustment for pairwise group comparisons (see Figures 2.2A and 2.2B). Neither the 
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PCC-FMC nor PCC-BMTG ROI pair showed a significant change from the six to 12-month 
session, p>.05. 
After 12 months of training there was a marginally significant effect of group in favor of 
the walking group on DMN connectivity, Pillai's trace V=.43, F(15,34)=1.72, p=.09, η2=.43. 
Univariate ANOVAs revealed significant ROI pairs, all in favor of the walking group, for 
connections locally in the medial temporal lobe (BMTG-BPHG: F(1,48)=9.81, p<.05, η2=.17), 
between the medial temporal lobe and the lateral occipital  cortex (BPHG-BLOC: F(1,48)=4.26, 
p<.05, η2=.08), and between the middle temporal gyrus and the prefrontal cortex (LMFG-
BMTG: F(1,48)=4.31, p<.05,  η2=.08). All effects remained significant after Bonferonni 
adjustment for pairwise group comparisons (see Figures 2.3A, 2.3B, and 2.3C).  One ROI pair, 
BPHG-BLOC also showed significant change from six to the 12-month session, F(1,48)=4.75, 
p<.05, η2=.09, and the ROI another pair involving the medial temporal cortex, BMTG-BPHG, 
showed marginal change from the six to 12-month session, F(1,48)=3.52, p=.07, η2=.07. Note 
although the other ROI pair, LMFG-BMTG did not significantly change from six to 12 months, 
the data revealed a similar trend for increasing change (Figure 2.3C). 
For regions that showed greater baseline connectivity for older adults compared to 
younger adults, we examined training-related change in only the seed-to-ROI pairs.  After six 
months of training, there was no overall effect of group on connectivity between the PCC and 
aging-associated ROIs, Pillai’s Trace V=.08, ns, η2=.08; separate univariate ANOVAs revealed 
no regional effects.  Similarly, after 12 months of training, group was not associated with change 
in aging-associated ROIs, Pillai’s Trace V=.06, ns, η2=.06; separate univariate ANOVAs revealed 
no regional effects. 
Frontal executive network.  After six months of training, there was no overall effect of 
group on connectivity in the FE network, Pillai’s Trace V=.07, ns, η2=.07.  Separate univariate 
ANOVAs revealed a marginally significant effect in favor of the walking group for the INS-PFC 
connection, F(1,57)=2.90, p=.09, η2=.05.   
After 12 months there was no overall effect of group on functional connectivity in the FE 
network, Pillai's Trace, V=.14, ns, η2=.14.  Separate univariate ANOVAs indicated only one 
significant ROI pair, in favor of the walking group, RALPFC-PFC, F(1,57)=6.19, p<.05,  η2=.10. 
The effect remained significant after Bonferonni adjustment for pair-wise group comparisons 
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(see Figure 2.3D). Although the RALPFC-PFC ROI pair showed a pattern of increasing 
connectivity from six to 12 months, the change was not statistically significant, p>.05. 
For regions that showed greater baseline connectivity for older adults compared to 
younger adults, after six months of training there was no overall effect of group, Pillai’s Trace 
V=.05, ns, η2=.05; separate univariate ANOVAs revealed no regional effects. After 12 months of 
training, group was not associated with change in aging-associated ROIs, Pillai’s Trace V=.11, 
ns, η2=.11; separate univariate ANOVAs revealed a regional effect of an increasing negative 
correlation in the RALPFC-LHC/APHG connection for walkers, F(1,57)=4.25, p<.05, η2=.07. 
The effect remained significant after Bonferonni adjustment for pair-wise group comparisons 
(see Figure 2.4).  In addition, there was significant change in connectivity from the six to 12-
month session, F(1, 57)=5.38, p<.05, η2=.09. 
Fronto-parietal network.  At six months, there was no overall effect of group on 
connectivity in the FP network, Pillai's Trace V=.12, ns, η2=.12; univariate ANOVAs revealed no 
regional effects. 
After 12 months of training, there was no overall effect of group on connectivity in the 
FP network, Pillai's Trace, V=.22, ns, η2=.22.  Separate univariate ANOVAs indicated one 
significant ROI pair, in favor of the FTB group, RFOI-RLOC: F(1,53)=5.32, p<.05, η2=.09) and 
another ROI pair with marginal significance in favor of the FTB group, RIPS-RFOI: 
F(1,53)=3.60, p=.06, η2=.06).  The RFOI-RLOC connection remained significant after 
Bonferonni adjustment for pair-wise group comparisons (see Figure 2.2C). Connectivity in the 
RFOI-RLOC pair showed marginal change from the six to 12-month session, F(1,53)=2.78, 
p=.10, η2=.05.   
For regions that showed greater baseline connectivity for older adults compared to 
younger adults, after six months of training, there was no overall effect of group, Pillai’s Trace 
V=.11, ns, η2=.12; separate univariate ANOVAs revealed no regional effects.  Similarly, after 12 
months of training, there was no overall effect of group, Pillai’s Trace V=.04, ns; η2=.04; 
separate univariate ANOVAs revealed no regional effects. 
Primary motor cortex.  In light of animal literature that has demonstrated exercise-
dependent plasticity and angiogenesis in the motor cortex, we examined whether exercise 
training was associated with age-sensitive decline in connectivity with the right primary motor 
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cortex.  Age-sensitive disruptions with the right motor cortex are listed in Table 4.  Analysis of 
training effects revealed no effect of change in connectivity with the motor system as a function 
of exercise group.  At six months, Pillai’s Trace V=.04, ns, η2=.04; separate univariate ANOVAs 
revealed no regional effects.  At 12 months, Pillai’s Trace V=.03, ns, η2=.03; separate univariate 
ANOVAs revealed no regional effects. 
Primary auditory cortex.  We also examined whether exercise training was associated 
with age-sensitive decline in connectivity with the right primary auditory cortex.  Age-sensitive 
disruptions with the right auditory cortex are listed in Table 4.  Analysis of training effects 
revealed no effects of change in connectivity with the auditory system as a function of exercise 
group.  At six months, Pillai’s Trace V=.03, ns, η2=.03; separate univariate ANOVAs revealed no 
regional effects.  At 12 months, Pillai’s Trace V=.09, ns, η2=.09; separate univariate ANOVAs 
revealed no regional effects. 
 
Training effects on changes in cognitive performance 
PCA on baseline cognitive measures. Rotated factor loadings are shown in Table 2.5.  
The Kaiser-Meyer-Olkin measure verified sampling adequacy for the analysis, KMO=.58, and 
Bartlett’s Test of sphericity χ2 (10)=26.75, p<.05, indicated that the correlations between 
measures were sufficiently large for PCA.  The measures that cluster on the same components 
suggest that component 1 represents a measure of executive control including measures of 
working memory (spatial working memory), task-switching (local switch cost), and cognitive 
flexibility and inhibition (perseverative errors), while component 2 represents an index of short-
term verbal memory (forward and backward digit span). 
Normalized measures of forward and backward digit span were summed to create a 
composite measure of short-term memory (STM). For the composite measure of executive 
control (EXEC), normalized measures of spatial working memory, local switch cost, and 
perseverative errors were summed and multiplied by negative 1 so that a higher composite score 
reflected better performance. Normalized measures of forward and backward digit span were 
summed to create a composite measure of short-term memory (STM).  Repeated measures 
analysis of composite measures (STM, EXEC) from the 12-month session showed a non-
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significant trend of improved performance for the walking group compared to the FTB group, 
main effect of group F(1,46)=2.42, p=.12, η2=.05.  
Linking change in functional connectivity to change in performance. Given that the 
walking group improved more in both cognitive factors, a positive correlation would favor the 
walking group.  To protect against multiple tests, we used a bonferonni corrected p-value of p < 
.008 (i.e., correction over tests for six ROI pairs) for reporting significant correlations.  Results 
showed that functional connectivity between BPHG-BLOC in the DMN was correlated with 
better executive function performance pr(44)=.39, p=.003.  We also found a trend for increased 
connectivity between LMFG-BMTG in the DMN as positively correlated with better executive 
function performance pr(44)=.27, p=.03.    
 
Discussion 
This study demonstrated that moderate exercise enhances functional connectivity 
between regions with age-related disruption in cognitively relevant brain networks.  We found 
that the walking group showed increased connectivity after 12 months in regional connections 
supporting the DMN and FE systems, particularly in the frontal and temporal cortices, while the 
FTB group showed increased connectivity in regions of the DMN and the FP system at six and 
12 months, respectively. Interestingly, regions sensitive to age-related disruption showed patterns 
of change such that older adults showed increased connectivity to become more like young 
adults. This pattern occurred for both the FTB and walking groups, and may suggest that 
observed changes in functional connectivity reflected restoration of age-degraded neural circuits. 
And while we did see this pattern of change support improved executive function, results were 
limited. 
However, the pattern of connections in the DMN, FE, and FP networks that were greater 
for older adults compared to younger adults (see Figure 2.1C) suggests that with age there is 
decreased specificity, or dedifferentiation, of large-scale networks.  Dedifferentiation of neural 
systems has been proposed as at least one functional determinant of the need for compensatory 
brain activity in older adults (Park and Reuter-Lorenz, 2009).  Another proposed determinant of 
compensatory brain activation in older adults is an inability to suppress DMN activity during 
higher-level cognitive tasks.  For example, attenuated task-induced suppression of the DMN has 
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been coupled to delayed over-activation in task-relevant networks (Persson et al., 2007).  In this 
context, it is interesting that we found with increasing age the DMN shows increased 
connectivity with aspects of both the FE and the FP networks, while the FE network showed 
increased connectivity specifically with the temporal cortices and the FP network showed 
increased connectivity with primarily DMN components (see Figure 2.1C). This is consistent 
with previous literature that has shown increased frontal activation for tasks that are dependent 
on hippocampal activity (Dennis et al., 2008; Persson et al., 2006), and dysregulation of the 
DMN in transition periods between rest and task that depend on reorienting attention to the task 
set (Miller et al., 2008; Persson et al., 2007).  However, we found that aerobic exercise training 
led to an increased negative correlation between the right anterior prefrontal cortex in the FE 
network and a region in the left hippocampus just anterior to the hippocampal region found in the 
DMN in this study.  This suggests aerobic exercise training increased the task-independent 
differentiation between the executive and the DM networks.  We speculate this would result in 
greater regulation of interactions between the DMN and task networks, resulting in less over-
activation during effortful memory tasks. Yet to really understand whether this would translate to 
improved brain function under cognitive demand, and to relate this finding more directly to 
theories of over-activation in aging, future research should examine such changes with respect to 
changes in task-evoked activation and performance.  
To understand the behavioral relevance of exercise-induced changes in functional 
connectivity, we assessed the association between changes in connectivity in ROI pairs that 
showed intervention effects in favor of both groups and cognitive performance.  Results showed 
that changes in connectivity in the DMN were associated with improved executive function 
performance.  The strongest effects were associations between the bilateral parahippocampal gyri 
and the lateral occipital cortices (BPHG-LOC) and between the bilateral middle temporal gyrus 
and the left middle frontal gyrus (BMTG-LMFG).  In our cross-sectional study increased 
BMTG-LMFG connectivity in the DMN partly mediated the association between fitness and 
decreased switch costs (Voss et al., 2010), demonstrating that a consistent brain-behavior result 
cross-sectionally and longitudinally is a relationship between increased fronto-temporal 
connectivity in the DMN and improved executive function.  It may seem curious that the DMN 
had stronger associations with executive function performance than connectivity between the left 
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and right prefrontal cortices in the FE system.  However, it is generally still unclear how 
individual differences in cognitive performance are associated with resting state connectivity in 
the task networks such as the FE and FP.  Presumably network disruption in task networks 
reflects a fundamental disruption present when the network is in the active state.  However, 
resting state within-network connectivity would not necessarily predict how well an individual 
could implement compensatory strategies or coordinate flexible between-network 
communication.  Thus the relationship between resting state or task-independent connectivity in 
specific task networks and behavior is not straightforward and deserves more study before a 
strong conclusion can be made here.  Our pattern of results may also suggest that the DMN is 
relatively less sensitive to these issues and perhaps represents a network fundamental to the 
capacity for multiple networks to interact during cognition.  For example, one pattern in 
cognitive aging is the inability for older adults to disengage or deactivate the DMN when task-
evoked networks must be recruited (Persson et al., 2007; Miller et al., 2008).  This deficit may be 
related to deficits in flexibly switching recruitment needs among cognitive networks, which 
reflects what the brain must do to perform well in tasks involving online monitoring and 
updating, flexibly shifting attention, and task-switching, all components of executive function 
(Miyake et al., 2000).  Our results may therefore help explain why the effects of aerobic exercise 
training are broadly transferable to executive function relative to other types of aging 
interventions.   
What might be the mechanism for observed connectivity changes resulting from a 
walking program?  A vast animal literature has shown the importance of changes in extracellular 
neurotrophin levels such as BDNF (Neeper et al., 1996) for exercise-induced effects on synaptic 
plasticity and cognition.  In humans, circulating BDNF levels are related to greater hippocampal 
volume (Erickson et al., in press), which is in turn related to higher aerobic fitness levels 
(Erickson et al., 2009).  Some studies have also shown an association between neurogenesis and 
exercise-induced improvement in cognitive performance (Creer et al., 2010; Pereira et al., 2007), 
yet data also suggest the extent that new neurons in the hippocampus become integrated into 
distributed systems depends on the level of environmental enrichment one experiences following 
exercise training (Fabel et al., 2009; Kempermann, 2008).  This is consistent with the idea that 
aerobic exercise promotes the integration of new neurons into existing brain networks, facilitated 
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by the upregulation of trophic factors in the hippocampus and the cerebral cortex, resulting in 
enhanced cortico-hippocampal connectivity, and that experience modulates the extent to whether 
and what brain regions show increased cortico-hippocampal connectivity.  For example, when 
specific cognitive training is coupled with aerobic training, this may result in a bias towards 
training-specific changes in connectivity.  However, in the absence of a specific form of 
cognitive training, aerobic training-enhanced connections may occur preferentially in cortico-
hippocampal connections implemented often in daily life and shift the pattern of changes to 
strong anatomical pathways. Our results are consistent with this hypothesis, given the 
hippocampus has widespread cortical connections with association cortices, including strong 
connections with the frontal and temporal cortex, and projections to the parietal and lateral 
occipital cortex through cingulate pathways, and relatively few projections to primary sensory 
cortices (Miller, 1991). This serves as one potential explanation for the effects observed here, 
and while speculative, offers a testable prediction for future study. 
Regarding differences at the six-month session for the FTB group, it is possible that these 
effects reflect the specific novel activities that the FTB group experienced (Lewis et al., 2009).  
For instance, the DMN has been implicated in task states including mind wandering, thought 
focused inwards to the self, and taking the perspective of others into one’s own view of the world 
(Buckner et al., 2008; Schilbach et al., 2008). The FTB intervention included stretching activities 
to improve flexibility, yoga poses, and exercises to improve balance. Cognitively, these activities 
required participants to imitate an instructor’s movements while learning exercises and to 
maintain focus while holding exercise poses and balance. The activities became sequentially 
more difficult over the first six months of the program and thereafter the more demanding levels 
were maintained. This gradual progression in difficulty and complexity may explain the two 
connectivity effects in the DMN in favor of the FTB group at six months (see Figure 2.2). 
The other effect in favor of the FTB group, which occurred at 12 months, was increased 
connectivity in the FP network between the right lateral occipital cortex and the right 
opercular/insular cortex.  Previous characterizations of the cognitive role of the interaction 
between the FP system and the insular cortex have implicated functions such as reconfiguration 
of an attentional set to be maintained over a prolonged task state (Dosenbach et al., 2006).  
Another study showed that active learning was involved in enhancement of connectivity in 
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resting state networks reflective of task-relevant regions in the learned task, while connectivity 
was not affected by mere rote performance of the same learned task (Albert et al., 2009).  Thus 
we may speculate that the effects in favor of the FTB group at six months reflect experience-
dependent changes related to the skill of inward mental focus. On the other hand, changes 
specific to 12 months might reflect a learned capacity to switch among various exercises and 
redistributing attention to different aspects of the body and environment for different exercises. 
This suggests the potential of an FTB intervention, combined with other aspects of cognitive 
training, as a method of combined cognitive and physical training.  Along a similar vein, to find 
the optimal strategy for combined cognitive and physical training, future research should explore 
the possibility of order effects for treatments (Kempermann, 2008).   Any cognitive training 
addition should also include aspects of training programs that have shown promise for enabling 
transfer of learned skills to tasks beyond those specifically trained, such as strategic videogames 
(Basak et al., 2008), social engagement (Carlson et al., 2009), or process specific cognitive 
training programs for working memory and multi-tasking (Dahlin et al., 2008; Erickson et al., 
2007; Karbach and Kray, 2009). 
Our results and interpretations must be considered in the context of several limitations.   
First, our analysis centered around a ROI-based examination of exercise effects on age-sensitive 
network disruptions.  Although this provided a focused examination of the effects of aerobic 
training on functional connectivity in the context of aging, an important area for future research 
will be characterizing the multidimensional nature of age-related changes in patterns of brain 
activation (Cole et al., 2010; Hayasaka and Laurienti, 2009).  This line of work could be seen as 
a complementary, exploratory examination of the effects of exercise on the brain.  Another 
limitation that could be investigated with future research is the inter-play between changes in 
functional connectivity under no or minimal cognitive demand, connectivity during cognitive 
demands that stress the FE and the FP systems, and changes in cognitive performance.  Finally, it 
will be important for future research to integrate results from fMRI with other measures of brain 
structure and function such as structural connectivity, blood flow, electrophysiology, and 
neurobiological markers of brain function and disease.  These limitations provide a starting point 
for future research.   
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Overall this study represents an important extension of previous knowledge of the effects 
of exercise on the aging brain.  We have shown the aging brain is plastic and responsive to 
changes in exercise behavior, and that this effect is modulated by length of training.  This has 
important implications for bringing scientific findings into practice.  These results are by no 
means definitive, but rather should serve as a starting point for future research on the relationship 
between exercise training and changes in the brain and cognition.  We hope these findings also 
encourage future use of these methods for examining the efficacy of exercise interventions to 
improve or maintain brain and cognitive function in cognitively impaired older adults. Perhaps 
most exciting is the possibility for our results to inform further integration of the animal and 
human literatures on the effects of exercise on the brain.  To date the animal literature has 
provided a rich characterization of exercise-induced changes in the medial temporal cortex, 
while the human literature has focused functionally on cortical regions that implement executive 
functions. The current study suggests that in humans enhanced hippocampal function may 
facilitate regulation of long-range cortical networks that implement executive control.  
Specifically how this relates to training-related changes in the magnitude of task-evoked activity 
is a topic that deserves future research.  Further, we provide preliminary evidence for how 
differential exercise modalities influence communication in brain systems critical to healthy 
brain aging, and in doing so, provide a new perspective for predicting how exercise affects the 
aging brain during high-level cognition. 
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Figure 2.1 
 
Caption: Refer to Tables 2 and 3 for anatomical description and MNI coordinates for labeled 
regions.  Statistical maps are shown such that R=R and L=L, surface visualization is on the 
PALS-B12 atlas using CARET (http://brainvis.wustl.edu); each represent voxel-wise Z-statistics 
transformed from fisher’s Z correlation estimates, voxel-wise threshold is Z>2.33, with cluster 
correction at p < .05; Z statistic maximum for top row is Z=17, and Z=6 for age contrasts.  
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Figure 2.2 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Caption. Significant effects in favor of the FTB group, in regions reflecting age-related network 
disruption, in the DMN (panels A and B) and the FP network (panel C), are visualized by 
plotting marginal group means from the analysis at the corresponding time point (error bars 
represent 1+ standard error of the marginal mean); * denotes p<.05. Refer to Table 2 for 
anatomical description and MNI coordinates of ROIs represented by black circles.  For all brains, 
R=R and L=L.   
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Figure 2.3  
 
Caption. Significant effects in favor of the walking group, in regions reflecting age-related 
network disruption, in the DMN (panels A, B, and C) and the FE network (panel D), are 
visualized by plotting marginal group means from the analysis at the corresponding time point 
(error bars represent 1+ standard error of the marginal mean); * denotes p<.05. Refer to Table 2 
for anatomical description and MNI coordinates of ROIs represented by black circles.   For all 
brains, R=R and L=L. 
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Figure 2.4 
 
 
 
Caption.  Exercise training-related changes in functional connectivity in regions where old 
started greater than young. Significant effects, from FE network, visualized by plotting 
marginal group means from the analysis at the corresponding time point (error bars represent 1+ 
standard error of the marginal mean); * denotes p<.05. Refer to Table 3 for anatomical 
description and MNI coordinates of ROIs represented by black circles.   For all brains, R=R and 
L=L. 
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Table 2.1A 
  Randomly Assigned p-value (2-tailed) 
Variable Young Adult 
Control 
FTB Control Walkers Young-
Old 
FTB-
Walk 
N 32 35 30   
Age (SD) 23.91 (4.44) 65.37 (5.24) 67.30 (5.80) *** NS 
% Female 85 71 73 NS NS 
Educationa 16.80 (2.12) 15.87 (2.73) 15.93 (2.84) NS NS 
mMMSEb na 54.83 (1.87) 55.23 (1.43) na NS 
 
Caption. Participant Demographics. Education refers to self-reported years of education; there 
was no main effect of change in mMMSE score or group x time interaction, p > .05; *p<.05, 
**p<.01, ***p<.001, NS p > .05; na indicates relevant data was not collected.   
 
 
Table 2.1B 
 Mean (SD) 
Variable Baseline 6 mo. 12 mo. 
FTB    
  VO2 Max (mL/Kg)a 21.40 (4.13) 21.28 (4.55) 21.30 (4.39) 
  BMI 28.35 (4.10) 28.45 (4.39) 28.49 (4.50) 
  Adherence  83.38 (13.46) 80.28 (13.50) 
    
Walkers    
  VO2 Max (mL/Kg)a 21.20 (4.13) 21.53 (4.64) 22.17 (5.05) 
  BMI (kg/m2) 28.48 (4.42) 28.10 (4.39) 28.30 (4.66) 
  Adherence  78.13 (14.31) 76.00 (14.87) 
 
Caption. Fitness, BMI and adherence for exercise groups. aOnly VO2 Max had a significant 
linear group x time interaction effect, p<.05, demonstrating that the intervention was effective in 
improving cardiorespiratory fitness; BMI=Body Mass Index (BMI=(weight in kg)/(height in 
meters2)); Adherence refers to percentage of exercise classes attended. 
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Table 2.2 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Caption. Regions with increased functional connectivity for Young compared to Elderly adults 
in top-down and default mode networks. ROIs with like subscripts were combined to make 
bilateral ROIs.  See Figure 2 for anatomical visualization of ROIs on PALS-B12 atlas; seed-to-
ROI age effects were largely within networks, thus inter-regional relationships for all ROI pairs 
(where bilateral ROIs taken as single ROI) were examined for subsequent fitness effects. 
Region  ROI 
Abbreviation 
MNI coordinates 
(x,y,z) 
Z Score 
Default Mode  
Posterior Cingulate Cortex PCC 8,-56, 30 initial seed 
Frontal medial cortex FMC -2, 54, -12 6.38 
Left middle temporal gyrus LMTGa -52, -18, -18 6.00 
Left middle frontal gyrus LMFG -30, 20, 50 5.90 
Right middle temporal gyrus RMTGa 58, -10, -18 5.11 
Left parahippocampal gyrus LPHGb -24, -26, -20 4.03 
Left lateral parietal cortex LLOCc -44, -72, 34 3.63 
Right parahippocampal cortex RPHGb 24, -26, -20 3.25 
Right lateral parietal cortex RLOCc 54, -62, 32 2.82 
Fronto-executive  
Right anterior prefrontal cortex RALPFC 32,40,28 initial seed 
Right insular cortex RINSd 38, 4, -2 5.38 
Left prefrontal cortex LPFCe -36, 34, 28 4.90 
Right prefrontal cortex RPFCe 32, 42, 36 4.69 
Left insular cortex LINSd -38, 8, -4 4.59 
Right inferior frontal cortex RIFGf 34, 48, -6 4.35 
Left inferior frontal cortex LIFGf -38, 48, 8 3.29 
Fronto-parietal 
Right inferior parietal sulcus RIPS 25,-62,53 initial seed 
Right ventral visual cortex RVVISg 36, -62, 0 6.94 
Left ventral visual cortex LVVISg -44, -62, -6 5.82 
Right frontal opercular/insular cortex RFOI 28, 26, 8 5.12 
Right supramarginal gyrus RSMG 32, -38, 38 3.58 
Right lateral occipital cortex RLOC 26, -64, 54 3.51 
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Table 2.3 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Region  ROI 
Abbreviation 
MNI coordinates 
(x,y,z) 
Z Score 
Default Mode  
Posterior Cingulate Cortex PCC 8,-56, 30 initial seed 
Left insular cortex LINSa -32,12,4 5.43 
Right insular cortex RINSa 30,14,4 5.01 
Right parietoocciptal sulcus RPS 14,-82,48 4.69 
Left occipital fusiform gyrus LFGb -16,-80,-8 4.53 
Right occipital fusiform gyrus RFGb 26,-62,-8 4.41 
Right supramarginal gyrus RSMG 62,-34,44 4.23 
Right precentral gyrus RPCG 40,-4,38 3.99 
Fronto-executive  
Right anterior prefrontal cortex RALPFC 32,40,28 initial seed 
Left temporal pole LTP -44,20,-24 5.54 
Right middle temporal gyrus RMTGa 70,-14,-16 5.27 
Left hippocampus/anterior 
parahippocampal gyrus  
LHC/PHGa -16,-8,24 5.24 
Left hippocampus LHC -24,-22,-18 4.94 
Ventral frontal medial cortex  FMCv -8,54,-18 4.82 
Anterior frontal medial cortex FMCa -12,66,18 4.66 
Left middle temporal gyrus LMTGa -56,-10,-22 4.03 
Fronto-parietal 
Right inferior parietal sulcus RIPS 25,-62,53 initial seed 
Left lateral occipital cortex LLOCa -56,-68,36 5.93 
Right subcallosal frontal medial 
cortex 
FMCsc 2,20,-22 5.69 
Right lateral occipital cortex RLOCa 58,-60,38 5.32 
Cingulate gyrus CG 0,-10,32 5.16 
Posterior cingulate gyrus PCC -10,-54,36 5.04 
Frontal medial cortex FMC 2,44,18 4.94 
Ventral frontal medial cortex FMCv 0,48,0 4,85 
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Table 2.3 (cont.) 
 
Caption. Regions with increased functional connectivity for Olders compared to Young adults in 
top-down and default mode networks.  ROIs with like subscripts were combined to make 
bilateral ROIs; see Figure 2 for anatomical visualization of ROIs on PALS-B12 atlas; since 
regions in this contrast were not part of the seed’s network, only the seed-to-ROI relationships 
were examined for subsequent fitness effects. 
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Table 2.4 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Caption. Regions with increased functional connectivity for Young compared to Elderly adults 
in sensorimotor and auditory cortex.  Age-related disruption in these ROIs was not sensitive to 
fitness intervention.   
 
 
Region  ROI 
Abbreviation 
MNI coordinates 
(x,y,z) 
Z Score 
Motor System 
Right precentral gyrus RMOT 32, -10,52 initial seed 
Left occipital fusiform gyrus LFG -30,-68,0 5.71 
Left inferior temporal gyrus LITG -42, -46, -16 4.60 
Right insular cortex RIC 34,-4,10 4.57 
Right temporal fusiform cortex RTF 40,-26,-20 4.43 
Left putamen  LPUT -28,-4,14 4.41 
Auditory System 
Right heschl’s gyrus RAUD 46,-18,8 initial seed 
Left central opercular cortex / heschl’s 
gyrus 
LCO -50,-20,14 5.63 
Left cingulate gyrus LCG -4,-16,44 4.80 
Right heschl’s gyrus RHG 54,-20,12 4.50 
Left insular cortex LIC -34,-4,12 4.37 
Left superior frontal gyrus LSFG -24,-8,64 4.29 
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Table 2.5 
 
 Component 1 Component 2 
Forward span  .872 
Backward span  .816 
Spatial working memory .715  
Local switch cost .660  
Perseverative errors .734  
 
Caption.  Principle component loadings of primary cognitive measures at baseline assessment; 
only component loadings >.40 are shown. 
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Chapter 3: 
Aging and brain plasticity from a network science perspective 
 
Chapter Summary 
 Our ability to flexibly think and act reflects parallel coordination and integration of 
multiple brain regions and networks.  The first two chapters of this thesis have shown that 
aerobic exercise may serve to protect against reduced integration in cognitively relevant brain 
systems in healthy older adults, which in turn may be one mechanism by which aerobic exercise 
improves cognitive performance. The current study extends upon these first two studies by 
incorporating multivariate measures of functional integration known as complex systems 
analysis, based on mathematical principles of graph theory.  Here data presented in Chapter 2 
were explored from a network science perspective in regards to aging and network plasticity, 
under the mentorship of Dr. Paul Laurienti in the Department of Radiology at Wake Forest 
University. Results showed that the aging brain shows a shift in network topology with the 
primary motor and somatosensory, subcortical, and limbic structures moving towards more 
integrative roles in the network, coupled with fragmentation of large-scale cortical networks into 
more segregated clusters. In addition, aerobic exercise was associated with attenuated 
progression of network markers of aging and greater improvements in aerobic fitness were 
associated with increased assortativity, a measure of network resilience that reflects small-world 
architecture, suggesting that large-scale organizing properties of the brain are plastic to changes 
in health behaviors such as a one-year aerobic exercise program.   
 
 
Introduction  
The current study aims to extend on the studies presented in Chapters 1 and 2 through the 
use of multivariate, network science methods to explore the effects of aging and exercise on 
brain function. Network science uses tools for understanding complex systems that were 
developed in the mathematical field of graph theory.  A brain graph models the brain as a 
complex system of interacting nodes connected by a set of edges. Nodes in brain graphs have 
commonly been modeled as separate anatomical regions of interest (ROIs) derived from 
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population atlases or as voxels, the three-dimensional pixels used to represent brain images.  
Edges in a brain graph can either represent structural connections between nodes, such as 
integrity of white matter tracts, or may represent the strength of functional coupling between 
nodes. Once defined, a brain graph can be visualized in topological space, where the distance 
between nodes and node appearance (e.g., color, size) can represent topological properties of the 
network. For example, how functionally coupled two regions are could be visualized by plotting 
them closer together in topological space, and how connected a node is to the network could be 
visualized by node size.  Alternatively, such topological properties of the network can be 
superimposed on brain anatomy to view both the topological and physical relationships involved 
in network dynamics. 
 
Modeling the brain as a complex system 
In addition to their use for rich visualization of complex systems, graph metrics permit 
rich quantitative characterizations of communication patterns among nodes. Based on such 
quantitative metrics, the human brain has been described as a “small-world” network, a common 
network interaction pattern in biological and real-world systems such as social networks, the 
world-wide web and commercial air-traffic patterns (Bullmore and Sporns, 2009; Watts and 
Strogatz, 1998). Small-world systems are characterized by highly interconnected clusters of local 
connectivity, which are themselves interconnected through long-distance connections (Watts and 
Strogatz, 1998).  With this network structure any two nodes in a network can always 
communicate with each other through a relatively short communication pathway.   
A network’s similarity or deviance to small world characteristics can be measured by 
graph metrics such as clustering coefficient and characteristic path length. Clustering coefficient 
quantifies strength of local connectivity among nodes, whereas path length measures the shortest 
path between two nodes and thus reflects their potential for fast communication. The balance of 
integration through short paths and segregation through strong local connectivity can also be 
assessed by the nature of the degree distribution of the network, where degree (K) is a measure of 
how many nodes any one node is connected to. Small-world networks have a degree distribution 
that approximates a power law and tend to be scale-free, reflecting the predominance of low-
degree nodes and less probable, but critical, very high-degree nodes known as hubs (Bullmore 
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and Bassett, 2011; Eguíluz et al., 2005). 
Compared to traditional measures of path length and clustering coefficient described 
above, graph metrics of global and local efficiency have been proposed as more useful measures 
of accessible long-distant communication and local clustering, respectively (Achard and 
Bullmore, 2007; Latora and Marchiori, 2001). For instance the measure of path length is not 
universally scaled and has meaning only useful in reference to the size of the network, whereas 
efficiency measures are scaled from zero to 1 with zero being least efficient (fully disconnected) 
and 1 being most efficient (fully connected).  In addition, path length is infinite for isolated 
nodes, which results in mean path length being more heavily weighted towards long paths than 
short (Rubinov and Sporns, 2009). Global efficiency is computed as the average inverse shortest 
path length, and local efficiency measures the global efficiency for a sub-graph including the 
direct topological neighbors of a node (i.e., path link of 1) but excluding the node itself.  Both 
efficiency measures can be calculated for each node separately and visualized in brain space, and 
summarized by their overall network mean.  For these reasons, in this study we use global and 
local efficiency as measures of integration and segregation instead of path length and clustering 
coefficient. 
Additional graph metrics describe the organization of local clustering known as 
modularity, or community structure (Bullmore and Sporns, 2009; Guimerà et al., 2005; Newman, 
2006).  Modularity algorithms solve for sub-groupings of nodes that optimally communicate 
more so with each other than with nodes in other modules.  A modularity statistic (Q) then 
quantifies the extent to which the observed data is consistent with organized, non-overlapping 
sub-systems (Newman, 2006; Ruan and Zhang, 2008).  An important measure related to 
modularity is assortativity, which measures how much nodes of similar degree are connected to 
each other, or, how much “like” nodes tend to be connected to each other (Newman, 2002).  
Modularity supports assortive networks by their characteristic development of “connector” hubs, 
which are nodes without strong allegiance to any particular module but which are connected to 
many modules and facilitate between-module communication (Guimera and Amaral, 2005; 
Rubinov and Sporns, 2009).  Connector hubs contrast with “provincial” hubs, which are local 
hubs within modules that facilitate within-module communication and therefore increase 
modular segregation (Guimera and Amaral, 2005; Rubinov and Sporns, 2009). The importance 
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of assortativity is the metric’s conceptual link to resilience from targeted attacks, formed by a 
strong “core” of highly connected nodes that form a stable backbone of the network (Rubinov 
and Sporns, 2009; Stam, 2010).   
 
Network topology and cognition 
Despite the theoretically rich characterization of brain function using complex network 
models, the field of applying graph network models to human brain imaging data is relatively 
new, with important issues for application that are still evolving. As a result, a lack of studies 
relating network topology to cognition leaves many open questions about how network metrics 
relate to behavior.  So far, the most sensitive metrics for predicting behavior appear to be path 
length and global efficiency.  For example, one study using voxels for network nodes suggested 
that shorter path length in an fMRI network model was associated with higher IQ in young adults 
(van den Heuvel et al., 2009). Another study found similar results with global efficiency in an 
atlas-based ROI network model of white matter integrity in young adults (Li et al., 2009). In 
addition, one study with older adults found that global efficiency in an atlas-based ROI model of 
white matter integrity was negatively associated with age and related to better processing speed, 
executive function, and visuospatial ability (Wen et al., 2011). However, this study did not 
include subcortical structures, which may have influenced the accuracy of the model. 
Furthermore, the use of atlas-based ROIs to define nodes is problematic since it violates a 
fundamental assumption of network modeling that the nodes be “internally coherent” (Smith et 
al., 2011), which may have negative effects on the model for heterogenous regions such as the 
striatum (Draganski et al., 2008) and cingulate (Margulies et al., 2007).  Also, nodes of different 
sizes heavily bias ROIs with many voxels for determining overall network topology (Bullmore 
and Bassett, 2011; Hayasaka and Laurienti, 2009).  Therefore the results of atlas-based network 
models should be interpreted with caution until more convergent data across various scales for 
network nodes is available. 
Another approach for using network science to understand human behavior is to model 
specific cognitive systems with nodes from a priori ROIs that are hypothesized to represent the 
core of distinct cognitive networks (Dosenbach et al., 2008; Dosenbach et al., 2006; Fransson 
and Marrelec, 2008).  In the context of modeling the whole brain as one complex system, such 
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“networks” may be resolved as modules depending on their strength of integration. Three 
cognitive systems relevant to this study include the fronto-executive (also referred to as the 
cingulo-opercular network) and fronto-parietal systems (Dosenbach et al., 2008), and the default 
mode network (DMN) (Buckner et al., 2008; Fransson and Marrelec, 2008).  The three networks 
are shown in Figure 5 and have been associated with complementary roles in higher-level 
cognition, as briefly summarized in the figure.  These are also the three networks examined in 
Chapter 2 of this thesis.  
The strength of this application of graph theory to brain function is its hypothesis-driven 
nature. And although studies have shown reliable parsing of the networks when modeling the 
cognitive systems in isolation (Dosenbach et al., 2007; Fair et al., 2008), the disadvantage of the 
approach is its dependence on accurate ROI selection, size, and anatomical invariance across 
participants. In addition, when examining individual differences in targeted nodes and a 
particular region is disconnected from the module in some individuals (e.g., Fair et al., 2008), 
one wonders where has the node become more connected?  Such information may be just as 
important, if not more, for understanding the cognitive consequences of disconnection.  
Therefore in this study we model the brain as one complex system, but also draw on these 
relatively well-characterized systems to provide a cognitive framework for interpretation of 
individual differences in network topology. 
 
Exercise and brain networks 
Results based on the univariate seeding analysis in Chapter 2 of this dissertation showed 
that connectivity between the bilateral middle temporal gyri, left middle frontal gyrus, and lateral 
occipital/inferior parietal cortex in the DMN was enhanced with aerobic exercise training. 
Intriguingly, these regions overlap with regions consistently shown as core hubs in the resting 
and on-task brain (Buckner et al., 2009; Sepulcre et al., 2010) and in structural networks 
(Hagmann et al., 2008).  Another study, using atlas-based ROIs as network nodes, showed that 
aging was associated with fragmented long-distance communication between frontal and both 
temporal and posterior brain regions, coupled with decreased inter-modular and intra-modular 
hub activity in all major modules and particularly in the frontal cortex (Meunier et al., 2009).  
Together these studies suggest that with age come decreases in long-range integration between 
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the frontal, and parietal and temporal association areas. However, given results from previous 
studies in the literature (Burdette et al., 2010; Christie et al., 2008; Colcombe et al., 2004; 
Prakash et al., 2011) and in this thesis (Voss et al., 2010a; Voss et al., 2010b), aerobic exercise 
may be a behavioral factor that attenuates such age-related network disruptions.   
 Currently one other study has utilized network science methods to examine how an 
aerobic training program impacts the functional brain system (Burdette et al., 2010).  This study 
included participants that had just completed their 4-month treatment in a randomized controlled 
trial, as part of either an aerobic training treatment group or a non-exercise control group (health 
education and light stretching).  At post-test resting measures of cerebral blood flow (CBF) and 
resting state fMRI were acquired and compared between groups.  Thus this study could be 
considered a longitudinal study, in that the activities of the groups was controlled before their 
MRI session, however since the MRI sessions were not both pre and post, one could also 
consider it a cross-sectional study where some participants had a 4-month history of being more 
active than others. Nevertheless, results showed regional differences in connectivity of the 
hippocampus, such that aerobic exercisers had increased connectivity between the hippocampus 
and the rest of the brain compared to the control group.  Modularity analysis also found that the 
hippocampus and anterior cingulate were more often in the same module for the aerobic 
compared to control group, suggesting greater connectivity between the two regions. Finally, this 
study also found that the aerobic group had greater hippocampal blood flow compared to the 
control group.   
The goal of this study is to expand on the study of Burdette et al. (2010) by analyzing the 
data set presented in Chapter 2 with multivariate complex network methods, for an exploratory 
view of exercise effects on the aging brain and cognition.  In addition, the current study expands 
on Burdette et al., (2010) by assessing change in network topology based on pre- and post-test 
assessments over a year-long training program, with a much larger sample, and by basing 
interpretation of exercise effects on a characterization of age-related differences in network 
topology in old-age and in reference to a young adult control group.  Based on the reviewed 
literature and the previous studies in this thesis, we hypothesize that aerobic fitness and 
participation in the aerobic training program will be associated with increased integration of the 
hippocampus into the network, as well as greater efficiency in large-scale integration of 
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association cortices in the DMN, fronto-parietal, and fronto-executive networks, supported by 
increases in modularity and assortativity. 
 
Methods 
In this study data from a previous study was re-analyzed using network science methods.  
First, a cross-sectional analysis was done to establish the effects of age differences on functional 
brain architecture.  These analyses resulted in whole-brain summary metrics for each participant 
as well as local (nodal, or voxel-wise) metrics.  Whole-brain and nodal metrics were used as 
individual difference measures to examine their sensitivity to cognitive aging.  Results from the 
cross-sectional analysis were used to aid interpretation of the effects of aerobic exercise on 
network topology in the aging brain. Accepted methodology for conducting group comparisons 
of nodal graph metrics is not well-established so this study is also a valuable contribution as an 
example of application of a network science perspective on brain aging and plasticity.  
 
Participants  
This study examined data from two overlapping samples, including a cross-sectional 
sample of 32 young adults and 120 older adults, and a longitudinal sample of 65 older adults that 
was a subset of the larger cross-sectional sample of 120 older adults collected at baseline.  Thus 
recruitment procedures and criteria were the same for all participants. 
 Participants were recruited from the local community of Urbana-Champaign, Illinois.  
Eligible participants had to (1) demonstrate strong right handedness, with a 75% or above on the 
Edinburgh Handedness Questionnaire (Oldfield, 1971), (2) be between the ages of 18 and 35 for 
young adults and between 55 and 80 years for elderly adults (3) score > 51 on the modified Mini-
Mental Status Exam  (mMMSE, Stern et al., 1987), a screening questionnaire to rule out 
potential neurological pathology, (4) score < 3 on the Geriatric Depression Scale (GDS) (Sheikh 
and Yesavage, 1986), (5) have normal color vision (6) have a corrected visual acuity of at least 
20/40 and (7) sign an informed consent. In addition, elderly participants had to report being low 
in physical activity, which was defined as having been physically active for 30 minutes or more 
no more than two times in the last six months.  Participants completed a mock MRI session, 
wherein they were screened for their ability to complete an experiment in an MRI environment.  
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Participants who passed the mock screening subsequently completed a series of structural and 
functional MRI scans, and for the elderly subjects, a graded maximal exercise test.  Prior to MR 
scanning all participants were tested for visual acuity and (if need be) corrective lenses were 
provided within the viewing goggles to ensure a corrected vision of at least 20/40 while in the 
scanner.  Participants were compensated for their participation. 
 Demographic data for the cross-sectional and longitudinal samples are presented in Table 
3.1. Data from the cross-sectional (Voss et al., 2010a) and the longitudinal (Voss et al., 2010b) 
samples have been reported in previous studies from our lab.  In this study, the cross-sectional 
sample was also sub-divided into two groups matched on sex and education; a Young-Old group 
was comprised of 30 elderly participants between the ages of 60 and 69 years, whereas an Old-
Old group was comprised of 30 participants between the ages of 70 and 79 years.  This was done 
for methodological reasons described below, to permit characterization of network differences 
associated with advanced age within the older adult group.   
Elderly participants in the longitudinal sample were randomized to either an aerobic 
walking group or a control group that participated in a flexibility, toning and balance (FTB) 
program. The groups did not significantly differ in baseline fitness level, mean years of 
education, or gender (all p>.05), see Table 3.1.  Neuroimaging measures were collected as part of 
a larger task battery, and were originally developed to be passive viewing tasks for localizing 
stimulus-specific processing regions of the ventral visual cortex (Prakash et al., 2011; Voss et al., 
2008). 
 
Measures 
Neuropsychological measures.  All participants in the study completed a battery of 
neuropsychological tests as part of the randomized controlled trial.  Four tasks were used that 
measured different aspects of cognitive function, including forward and backward digit span 
tests to measure short-term memory, a computerized spatial working memory task to measure 
visuo-spatial working memory, a computerized measure of task-switching to measure processing 
speed and executive control processes of task-set maintenance and switching, and a 
computerized version of the Wisconsin Card Sorting Task (WCST) to measure executive control 
processes of switching and inhibition. These measures were chosen for their joint sensitivity to 
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individual differences in aging and aerobic fitness.   
Digit Span Task. This task yielded two measures of short-term memory.  Forward Span 
was administered first.  For this task, a task administrator read a sequence of numbers out loud to 
participants (e.g. 4-5).  Participants were instructed to repeat the sequence of numbers to the 
administrator in the same order (e.g. 4-5).  Participants were given two trials (e.g. 4-5; 2-4) for 
each list length.  List lengths began with a two number sequence and incrementally increased by 
one number (maximum seven number sequence) if participants could correctly repeat the 
sequence in correct order for at least one trial.  If participants incorrectly repeated the sequences 
of a particular list length in both trials, the previous list length was recorded as the dependent 
variable.  Next, the Backward Span Task was administered.  This is similar to the forward span 
task, except that the participants are requested to repeat the sequence of numbers back to the 
administrator in reverse order (e.g. 5-4, if administrator said 4-5). The number of digits increased 
by one (minimum 2, maximum 7) until the participant consecutively failed in both trials of the 
same digit span length, where the previous list length, was recorded as the dependent variable.  
The additional requirement of holding the list in one’s head while reporting the list in reverse 
order makes the Backward Span Task more difficult.  However, backward recall lacks key 
components of classic working memory tasks which require continual online processing and 
updating of information, and has been shown to be differentially affected by aging compared to 
working memory and to more closely align with Forward Digit Span in patterns of age-related 
deficit (Bopp and Verhaeghen, 2005).  In an exploratory principle components analysis (PCA) 
we have also found forward and backward span to align together on factor loadings (Voss et al., 
2010b).  Therefore, in the current study we use the average of forward and backward span as a 
measure of short-term memory. 
Spatial Working Memory.  This task provided a measure of the ability to form and retain 
memories of spatial locations over a delay period. Online maintenance and continual updating of 
spatial locations during delay and response is essential to good performance, therefore this task 
measures working memory abilities.  First, a fixation crosshair appeared for one second and 
participants were instructed to keep their eyes on the crosshair.  Following the fixation, either 
one, two, or three black dots appeared at random locations on the screen for a duration of 500 
ms. The dots were removed from the display and the fixation cross re-
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a period of three seconds.  During this time, participants were instructed to try and remember the 
locations of the previously presented black dots.  At the end of the three-second delay, a red dot 
appeared on the screen in either one of the same locations as the target dots (match condition) or 
at a different location (nonmatch condition).   Participants had two seconds to respond to the red 
dot by pressing one of two keys on a standard keyboard – the ‘x’ key for a nonmatch trial, and 
the ‘m’ key for a match trial.  Forty trials were presented for each set size (1, 2, or 3 locations), 
with 20 trials as match trials and 20 trials as nonmatch trials.  Participants were instructed to 
respond as quickly and accurately as possible.  Several practice trials were performed before the 
task began in order to acquaint the participants with task instructions and responses.  Since our 
goal was to characterize general spatial working memory performance, we computed a 
composite variable of average reaction time and accuracy across all three conditions. Note due to 
computer error there were two participants with missing data at baseline (one walker, one FTB). 
Task-Switching. This task provided a measure of processing speed and executive 
function by testing participants’ abilities to a) respond quickly and accurately under a single task 
set, and b) flexibly switch focus of attention between multiple task sets.  In the task-switching 
block participants had to switch between judging whether a number (1, 2, 3, 4, 6, 7, 8, or 9) was 
odd or even and judging whether it was low or high (i.e., smaller or larger than 5), whereas in the 
single task block participants completed one task sequentially over all trials. Numbers were 
presented individually for 1500 ms against a pink or blue background at the center of the screen, 
with the constraint that the same number did not appear twice in succession. If the background 
was blue, participants used one hand to report as quickly as possible whether the letter was high 
(“X” key) or low (“Z” key). If the background was pink, participants used their other hand to 
report as quickly as possible whether the number was odd (“N” key) or even (“M” key). 
Participants completed four single task blocks (2 blocks of odd/even and 2 blocks of high/low) of 
24 trials each. Due to the difficulty of this task, participants were provided with a practice block 
in which they switched from one task to the other for 120 trials.  This practice block allowed 
participants to become acquainted with the switching block and ensured compliance with task 
instructions.  Finally, they completed a dual task (switching) block of 120 trials during which the 
task for each trial was chosen randomly. This task was similar to that of Kramer, Hahn, and 
Gopher (1999) and Pashler (2000); the version of the task reported in this study was programmed 
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and administered using E-prime software (Psychology Software Tools, www.pstnet.com).  For 
the current study, the primary dependent measures of interest were a measure of processing 
speed from single task speed and accuracy, and executive function measures of switch cost.   
Switch cost was measured as either local or global cost.  The difference in performance 
for trials when the preceding trial involved the same task (non-switch trial) and those when the 
preceding trial was of the other task (switch trial) is a measure of local switch cost; local switch 
cost measures attentional set re-configuration and inhibition. The difference in performance for 
trials in the single task block and those in the dual task block when the preceding trial involved 
the same task (non-switch trial) is a measure of global switch cost; global switch cost measures 
the attentional overhead resulting from maintenance of two distinct mental task sets. Response 
time during the single task blocks represents a measure of processing speed, thus cost measures 
represent specific costs over and above of general slowing. Only reaction time measures (based 
on mean reaction time) were used for computing switch cost.  All reaction time measures are 
based on mean reaction times. 
Wisconsin Card Sorting Task (WCST).  In this task, participants completed a 
computerized version of the WCST, assessing multiple components of executive function 
including working memory, inhibition, and switching processes (O’Sullivan et al., 2001).  This 
task was chosen because of its reliance on executive functions and set switching, which should 
show similar patterns of association to the local switch cost measure described above.  The 
participant’s task was to sort cards displayed on a computer screen.  The cards contained 
geometric designs and could be sorted into categories by shape, color, or number of the design.  
Participants were asked to match each card that appeared in the lower portion of the computer 
screen with one of four cards displayed at the top of the screen.  The participants were told that 
the computer would provide feedback about the accuracy of their decision, but that the examiner 
could not give them any additional instructions about the task.  For the present study, we 
computed a metric of perseverative errors that measures the inability to flexibly adapt to a 
changing rule set. The primary dependent variable for this measure was computed by taking the 
average of the standardized number of perseverative responses and perseverative errors, and 
computing their residuals after regression onto the total number of errors, to control for overall 
level of performance (Raz et al., 2003).  To minimize test-retest facilitation of recognizing 
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changing rule sets, the WCST was only administered at baseline and 12-month sessions.  Due to 
data collection error there was missing data for the WCST, including five scores at baseline and 
five different participants’ scores at the 12-month session.  For both baseline and 12-month 
sessions there were 2 walkers and 3 FTB participants with missing data. 
Aerobic fitness assessment.  Elderly participants were required to obtain consent from 
their personal physician before cardiorespiratory fitness testing was conducted. Aerobic fitness 
(VO2 max) was assessed by graded maximal exercise testing on a motor-driven treadmill.  The 
protocol involved the participant walking at a speed slightly faster than their normal walking 
pace (approximately 30–100m per minute) with increasing grade increments of 2% every two 
minutes. A cardiologist and nurse continuously monitored measurements of oxygen uptake, heart 
rate and blood pressure.  Oxygen uptake (VO2) was measured from expired air samples taken at 
30-second intervals until a maximal VO2 was attained or to the point of test termination due to 
symptom limitation and/or volitional exhaustion. VO2 max was defined as the highest recorded 
VO2 value when two of three criteria were satisfied: (1) a plateau in VO2 peak between two or 
more workloads; 2) a respiratory exchange ratio >1.00; and (3) a heart rate equivalent to their 
age predicted maximum (i.e. 220 - age).   Due to scheduling difficulty, two participants in the 
stretching group did not have fitness assessments at the 6-month session; all participants had 
fitness assessments at baseline and 12-month sessions. VO2 max values for participants at 
baseline, 6 mos., and 12 mos. are shown in Table 1.  Note that across all three of the time points, 
even with improvements from the intervention, both groups of participants were in the bottom 
10th percentile of the population for VO2 max based on their age and gender (Whaley et al., 
2006), reflecting our exclusive recruitment of currently sedentary older adults.   
 
Exercise intervention.  
Older adults were randomly assigned to participate in either an aerobic walking program, 
or a control group that did non-aerobic stretching and toning exercises.  The non-aerobic control 
group served to match groups for social contact associated with group exercise and to determine 
effects on brain function specific to aerobic exercise.  Both the walking and control groups met 
three times per week. 
For the walking program, a trained exercise leader supervised all sessions. Participants 
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started by walking for ten minutes and increased walking duration weekly by five-minute 
increments until a duration of 40 minutes was achieved at week seven. Participants walked for 40 
minutes per session for the remainder of the program. All walking sessions started and ended 
with approximately five minutes of stretching for the purpose of warming up and cooling down. 
Participants wore heart rate monitors and were encouraged to walk in their target heart rate zone, 
which was calculated using the Karvonen method (Strath et al., 2000) based on the resting and 
maximum heart rates achieved during the baseline maximal graded exercise test. The target heart 
rate zone was 50-60% of the maximum heart rate reserve for weeks one to seven and 60-75% for 
the remainder of the program. Participants in the walking group completed an exercise log at 
each exercise session. Every four weeks, participants received written feedback forms that 
summarized the data from their logs. Participants with low attendance and/or exercise heart rate 
were encouraged to improve their performance in the following month. 
For the FTB program a trained exercise leader led sessions. All FTB classes started and 
ended with warm-up and cool-down stretches. During each class, participants engaged in four 
muscle toning exercises utilizing dumbbells or resistance bands, two exercises designed to 
improve balance, one yoga sequence, and one exercise of their choice. To maintain interest, a 
new group of exercises was introduced every three weeks. During the first week, participants 
focused on becoming familiar with the new exercises, and during the second and third weeks, 
they were encouraged to increase the intensity by using more weight or adding more repetitions. 
Participants in the FTB group also completed exercise logs at each exercise session and received 
monthly feedback forms. They were encouraged to exercise at an appropriate intensity (13-15 on 
the Borg RPE scale; (Borg, 1985) and attend as many classes as possible.  
 
Imaging Methods 
Structural MRI.  For all participants, high resolution T1-weighted brain images were 
acquired using a 3D MPRAGE (Magnetization Prepared Rapid Gradient Echo Imaging) protocol 
with 144 contiguous axial slices, collected in ascending fashion parallel to the anterior and 
posterior commissures, echo time (TE)=3.87 ms, repetition time (TR)=1800 ms, field of view 
(FOV)=256 mm, acquisition matrix 192 mm x 192 mm, slice thickness=1.3mm, and flip 
angle=8º.  All images were collected on a 3T head-only Siemens Allegra MRI scanner.   
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Functional MRI.  Functional MRI (fMRI) scans were acquired during three passive 
viewing tasks: 1) a checkerboard task comprised of luminance-matched flashing black-and-white 
checkerboards and flashing color checkerboards at a rate of 8 Hz, each checkerboard condition 
was presented in two separate 30-second blocks that alternated with 20-second blocks of fixation 
baseline; 2) a word viewing task comprised of 30-second blocks of words, pseudo-words, and 
letter strings, presented separately in two 30-second blocks that alternated with 20-second blocks 
of fixation baseline, each block consisted of 20 unique stimuli that were each presented for one-
second with a 500-ms fixation between each word presentation; and 3) a face/building viewing 
task comprised of three 20-second blocks of faces and buildings that alternated with 20-second 
blocks of luminance matched scrambled images (taken from the face and building stimulus set) 
as the baseline condition, each block consisted of 20 unique black-and-white images (controlled 
for luminance and dimension) that were each presented for one-second.  In each task participants 
were instructed to keep their eyes open and to pay attention to the screen.   
Visual stimuli were presented with MRI-safe fiber optic goggles (Resonance 
Technologies, Inc.).  Participants completed the passive viewing tasks as part of a larger battery 
of cognitive paradigms within the scanner.  For the fMRI tasks, T2* weighted images were 
acquired using a fast echo-planar imaging (EPI) sequence with Blood Oxygenation Level 
Dependent (BOLD) contrast  (64 x 64 matrix, 4 mm slice thickness, TR = 1500 ms, TE = 26 ms, 
flip angle = 60).  A total of 150 volumes were acquired per participant for the checkerboard task, 
220 volumes for the word task, and 180 volumes for the face/building task. 
 
Image Analysis  
Structural MRI preprocessing.  Each participant’s low-resolution EPI image was 
registered to his or her high-resolution T1 structural image, which was subsequently registered to 
stereotaxic space (study-specific template generated using 152 T1 MNI as the target volume, 
Montreal Neurological Institute) using FLIRT 12-parameter affine linear registration (Jenkinson 
et al., 2002).  A study-specific template was made from the baseline structural images from the 
older adults in this sample. Functional images from six- and 12-month sessions were also 
registered to this study-specific template. To make the study-specific template, high-resolution 
structural images were first skull-stripped using BET (Smith, 2002), and manually inspected and 
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corrected for any skull-stripping errors.  Next, the structural images were registered to the 152 T1 
MNI volume using FLIRT 12-parameter affine linear registration (Jenkinson et al., 2002).  
Finally, registered volumes were averaged to form a representative reference volume. Before 
group analyses, functional data were registered to stereotaxic space using transforms generated 
from the alignment of high-resolution T1 images. 
 Preprocessing of functional data. Detailed description of the functional connectivity 
procedures are reported elsewhere (Voss et al., 2010b), which followed standard procedures for 
functional connectivity preprocessing (Andrews-Hanna et al., 2007; Fox et al., 2006). In addition 
to the typical nuisance regression of white matter, CSF, and global signal, to further isolate our 
examination to intrinsic functional connectivity, we also controlled for signal from a bilateral 
ROI in primary visual cortex (125 anatomical-voxel spheres centered at +18, -98, -4, derived 
from the literature (Andrews-Hanna et al., 2007)).  This visual cortex regressor, along with the 
global signal regressor, were cautionary measures to ensure our estimates of functional 
connectivity were not inflated due to the additive influence of synchronized task-evoked signal 
change. In addition to nuisance fMRI signal, six motion parameters computed by rigid body 
translation and rotation in preprocessing (Jenkinson et al., 2002) were included in the nuisance 
regression. In addition, validated procedures outlined in the literature were followed for 
concatenating the three functional runs into a single functional volume (Fair et al., 2007), which 
are summarized in Figure 3.1.  To increase the efficiency of the computationally intensive 
network analyses, after registration to 2mm isotropic MNI space functional images were down-
sampled to 4mm isotropic voxel space. 
Creating brain networks.  Whole-brain functional connectivity was examined using 
graph theory methods and modeling network nodes at the voxel scale (Hayasaka and Laurienti, 
2009; van den Heuvel et al., 2009).  The specific methods for this analysis are detailed elsewhere 
(Hayasaka and Laurienti, 2009), and here we highlight the general steps and measures for 
applying these methods to the current project.  
Following preprocessing, Pearson correlation coefficients were calculated between each 
voxel node and all possible combinations of voxel node pairs.  We constricted analysis to only 
voxels in gray matter, as determined by a mask of the average gray matter space across all 
subjects (~30,000 voxels per functional brain in this data).  Next, each correlation matrix was 
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thresholded to keep only the strongest associations (see below), and converted to a binary voxel 
x voxel adjacency matrix with 1 indicating the presence and 0 indicating the absence of a 
connection between two voxel nodes. Thresholds were set to ensure comparable networks across 
subjects, as done in Hayasaka and Laurienti, (2009).   
That is, in order to compare data across participants, it was necessary to generate 
comparable networks.  In turn, the network was defined so that the relationship between number 
of nodes N and the average node degree K (i.e., number of connections per node) was the same 
across different subjects.  Specifically, the network was defined so that S = log(N)/log(K) was the 
same across participants.  This relationship is based on the path length of an Erdös-Rènyi random 
network with N nodes and average degree K (Stam et al., 2007; Supekar et al., 2008; Watts and 
Strogatz, 1998), and can be re-written as N = KS.  In an undirected, binary network as in the 
current study, path length refers to the number of links or edges between two nodes in geodesic 
space. Note since the path length of a network with N and K is shortest when the network is 
Erdös-Rènyi, with S = log(N)/log(K), S can also be described as the lower bound of the path 
length.  Thus we expect individual subjects’ networks to have comparable mean path length. In 
the current study we present results from a threshold of S=2.5, to enable comparison to the only 
other previous study using these methods with an aging sample that has undergone an exercise 
intervention (Burdette et al., 2010). However, Appendix A illustrates mean whole-brain network 
metrics and their standard error across a range of thresholds from 2 to 5 in .5 increments for 
young and old adults.   
Whole-brain network measures of brain systems.  From the thresholded adjacency matrix, 
the following global brain network measures were derived: 
a) Brain efficiency metrics: Global and local efficiency quantify the efficiency of long-
distance communication and local inter-connections, respectively (Rubinov and Sporns, 2009).  
Global and local efficiency metrics are normalized on a scale from zero to 1, with zero being 
least efficient and 1 being most efficient.  Global efficiency (Eglob) can be generally described 
as the inverse of the well-known network measure of path length, however it is considered a 
more robust measure since it can be meaningfully computed on disconnected networks, is 
primarily influenced by short path lengths, and has a scaled metric (Achard and Bullmore, 2007; 
Latora and Marchiori, 2001).  It is thought that high global efficiency reflects greater capacity for 
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fast, long-distant communication since a shorter path between two nodes allows less chance for 
noise to interfere or alter communication between nodes (Rubinov and Sporns, 2009).  
Specifically, node global efficiency Eglob(i) is calculated as 
! 
Eglob i( ) =
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$  
where dij is the shortest geodesic distance or the smallest number of edges (i.e., shortest path) 
between nodes i and j.  Geodesic distance between all possible node pairs in the thresholded 
network was calculated by Dijkstra’s algorithm (Dijkstra, 1959) as implemented in the 
MatlabBGL package (David Gleich; Stanford University, Stanford, CA).  In sum, a voxel will 
have high global efficiency if it has a short path to many other voxels. 
Nodal local efficiency (Eloc) is calculated as the global efficiency between nodes in a 
sub-graph including all direct topological neighbors of the node but excluding the node itself.  
Therefore a voxel will have high local efficiency if each of its geodesic neighbors (i.e., where 
path length =1) also have short paths between themselves (e.g., your friends tend to be friends 
with each other). 
b) Degree (K): Degree is a measure of the number of edges connecting a node to the rest 
of the network (Rubinov and Sporns, 2009).  Thus a node with high degree has many “friends” 
in the brain that are just one step away, and this is thought to facilitate long-distance integration 
of local, specialized processing modules.   
c) Assortativity (Rjk): Assortativity is the Pearson correlation between the degree of two 
nodes (j, k) on opposite ends of a link (i), across all links in the network (Newman, 2002). 
Therefore assortativity measures how much nodes of similar degree tend to be connected to each 
other, and is thought to represent a measure of network resilience (Newman, 2002; Rubinov and 
Sporns, 2009). For example, if a set of nodes of high degree is connected to each other, then if 
one node is damaged the brain still has a “core” backbone of inter-modular connector nodes to 
maintain integrative network function (Stam, 2010). Whereas a network with low assortativity 
may have isolated hubs or many nodes with hierarchical organization that are more vulnerable to 
attack and in turn making the stability of the network more vulnerable and less resilient. Previous 
studies with MRI or fMRI have shown that the most assortive brain regions include transmodal 
areas (Bassett et al., 2008) such as the posterior cingulate and retrosplenial cortex, the insula, the 
rhinal cortices, and the orbitofrontal cortex (Mesulam, 1998). 
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d) Modularity (Q): Modularity is a measure of community structure that identifies tightly 
inter-connected sub-systems (Girvan and Newman, 2002); efficient brain function depends on 
the balance between high modularity (segregation) and high integration through hubs that cross 
module boundaries. Thus, Q is an important metric for understanding the role of segregation in 
brain function.  Modularity analyses were run on each participant using the QCUT algorithm 
(Ruan and Zhang, 2008), which separates nodes into neighborhoods that interact more with each 
other than to the rest of the network, and has shown high reliability for finding consistent 
modular structure (Joyce et al., 2010). Q ranges from 0 to 1 with higher values indicating greater 
modular organization. 
Nodal network measures of brain systems.  From the whole-brain metrics described 
above, measures of Eglob, Eloc, and K were also computed for each voxel node separately 
(Wang et al., 2009) and projected back into brain space to visualize spatial maps of network 
architecture on the brain. Since we cannot be certain the described network metrics have a 
Gaussian null distribution, to find the “most” consistent patterns of network topology across 
participants overlap maps were computed that reflect how often a voxel had a high network 
measure relative to other voxels in the map across participants.  This was done by identifying 
voxels in the top 20% of all voxels in the map for a given network metric, for each participant, 
and then computing the percentage of subjects for which a given voxel was in the top 20%. For 
example, a voxel with an overlap value of 60 on a brain map visualizing group patterns in K 
would mean that that voxel was in the top 20% of individual-level map degree values for 60% of 
the participants.  In this study, all mean network maps are shown with a threshold of 50% 
overlap.  Since the overlap threshold is not inherently based on probability statistics (p-values), 
no formal correction for multiple comparisons is needed. Note a cut-off of 20% was chosen for 
its consistency in replicating known hubs in group maps of young adults, but otherwise is an 
arbitrary cut-off due to lack of formal statistical testing for its derivation. 
Measuring age-related differences and change in networks. To test for group differences 
among the matched groups used to summarize age differences in network topology in brain 
space, we computed a multivariate analysis of variance (MANOVA) with network metrics as 
dependent variables and group membership as a fixed factor. Overall model fit was assessed 
using Pillai's Trace, a robust statistic when sample sizes are roughly equal. A significant overall 
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MANOVA was followed by individual univariate ANOVAs for each dependent variable, and 
significant follow-up ANOVAs were followed by planned Helmert contrasts to assess the 
lifespan age effect (Young vs. Old) and the advanced age effect (Young Old vs. Old Old). Due to 
the exploratory nature of the study, group differences were considered statistically significant 
given a p-value of p<.05 without correction for multiple comparisons. 
To measure age-related differences in network topology difference maps were computed 
between overlap maps of each age group.  Differences were considered “consistent” enough to 
interpret if there was a greater than 25% difference in the percentage of subjects that showed 
overlap in a given voxel.   
For analyses of group-level change in the randomized controlled trial, an ANCOVA 
model was used testing for group differences at either 6 or 12 mos sessions while controlling for 
baseline; ANCOVA is a sensitive test of group change under assumptions of no group 
differences at baseline, fulfilled here by the randomization of subjects into walking and FTB 
groups.  To measure training-related changes in network topology, difference maps were 
computed between sessions at the individual-subject level, and 50% overlap maps were 
generated based on consistency of voxels in the top 20% of difference maps.  For example, the 
group-level change in network topology in K for the walking group between baseline and 12 
months was computed as K12mos - Kbaseline on a voxel-wise basis for each participant in the 
walking group, and consistent group change was detected by finding which voxels were in the 
top 20% of the K12mos - Kbaseline difference map for over 50% of participants.  
Linking network measures to individual differences and performance.  The relationship 
between individual differences in network topology and individual differences in aerobic fitness 
and cognitive performance was assessed for both whole-brain and nodal network metrics.  Nodal 
network metrics were extracted on a voxel-wise basis based on targeted hypotheses generated by 
functional anatomical patterns of age-related differences in our data set or based on anatomical 
ROIs.  Similarly, to assess the importance of change in a nodal metric as the result of fitness 
training, voxel-wise values of targeted network metrics were extracted from individual level 
maps from each timepoint. For analyses of individual differences in change, change was 
measured as the slope of a straight-line fit to the data in an ordinary least squares (OLS) mixed 
model.  Associations in the cross-sectional data were tested using partial correlations, after 
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correcting for age.  Association of change was tested with Pearson correlation, without 
correcting for age since groups were matched on age and an effect of interest includes the 
differential impact aging has on the brain as a function of exercise training.  Due to the 
exploratory nature of the study, all correlations were considered statistically significant given p-
value of p<.05 (two-tailed) without correction for multiple comparisons. 
 
Results 
Association of age and aerobic fitness with whole-brain network measures 
 There was a significant effect of age on whole-brain network measures, V=.34, 
F(10,172)=3.49, p<.001, η2=.17.  Separate univariate ANOVAs on each network measure 
indicated there were significant group differences for Eloc, F(2,89)=9.35, p<.001, η2=.17 and Q, 
F(2,89)=5.06, p=.008, η2=.10, and marginal group differences in Rjk, F(2,89)=2.46, p=.09, 
η2=.05.  Group effects were non-significant (p>.05) for Eglob (η2=.02) and K (η2=.01).  Planned 
Helmert contrasts were used to examine group differences for Eloc and Q as a function of 
lifespan aging (Yng vs. Old) and advanced aging (YO vs. OO). Contrasts revealed that Young 
(M=.52, SD=.02) had greater Eloc than Old (M=.50, SD=.04)(p=.003), however in the older 
group OO (M=.51, SD=.04) had greater Eloc than YO (M=.48, SD=.03) (p=.003).  Young 
(M=.70, SD=.03) also had greater Q than Old (M=.67, SD=.05) (p=.002), but YO (M=.67, 
SD=.04) and OO (M=.67, SD=.06) were not significantly different (p=.26).  The marginal 
difference in Rjk was driven by a marginal difference between young (M=.49, SD=.06) and old 
adults (M=.46, SD=.08) (p=.06) but non-significant group differences between YO (M=.45, 
SD=.08) and OO (M=.47, SD=.09 (p=.26).  These results indicate that the network measures 
most sensitive to age-related differences in functional brain organization are Eloc and Q.  
Whereas young adults have greater local efficiency than older adults as a group, in late life there 
is a reverse pattern where very old have more local efficiency than younger older adults.  In 
contrast, young have greater modularity than older adults, and there is no evidence that 
modularity continues to fluctuate in late life. 
 We further examined patterns of association between Eloc in the full cross-sectional 
sample, using more powerful tests that take into account the continuous nature of age particularly 
in our large older-adult sample.  Consistent with the matched group analysis, bivariate Pearson 
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correlation (two-tailed) revealed a positive association between Eloc and age in the older adult 
sample (r=.21, p=.02), which was non-significant in the younger adult group (p=.66). Together 
these results suggest that in late life whole-brain local efficiency is associated with increased 
aging.  One possible explanation for this is that older adults begin to increase their local 
efficiency in new brain areas to compensate for loss in efficiency in brain regions sensitive to 
aging.  However, late-life increases in local efficiency could also be a maladaptive result of brain 
aging. If increased local efficiency is compensatory, then we would expect increased local 
efficiency to be related to better cognitive performance; if it is maladaptive, we would expect 
local efficiency to be related to worse performance.  Finally, if no associations with performance 
are found, this could either mean we have not measured the affected cognitive abilities, or that 
the changes in local efficiency are independent of cognitive aging.   
With a similar pattern to Q, age was marginally associated with greater Rjk in older 
adults, r=.18, p=.06. That young tended to have greater Rjk (a measure hypothesized to reflect 
network resiliency to injury or insult) than Old, but in older adults age tended to be positively 
associated with Rjk, suggests that with increasing age the brain may re-organize to defend 
against the chronic insults associated with aging (see Table 3.2). 
 Finally, associations between whole-brain network measures and aerobic fitness showed 
that greater aerobic fitness was positively correlated with greater Rjk, pr=.19, p=.04, after 
controlling for variance associated with age; no other whole-brain network measures were 
associated with aerobic fitness (see Table 3.2). 
 Below we first explore age differences in the nodal topology of the network, followed by 
examination of relationships between whole-brain and nodal network metrics to aerobic fitness 
and performance.   
 
Age differences in nodal network measures.   
 From the whole-brain results it is evident that we need to examine the spatial topology of 
the network in order to further understand how the network changes with age.  Age differences 
are visualized for Eglob, Eloc, and K, in Figures 3.2, 3.3, and 3.4 respectively.  For each figure, 
panel A shows the mean group map, panel B shows the contrasts in favor of younger groups 
(Young>OO, Young>YO, YO>OO), and panel C shows the contrasts in favor of older groups 
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(OO>Young, YO>Young, OO>YO).   
The maps reveal that even though there were no age differences in whole-brain Eglob or 
K, there are marked differences in network topology for both.  Older adults appear to make up 
for lack of Eglob and K in the posterior cingulate, parietal, ventral visual, and all aspects of the 
frontal cortex with increased connections to the network in pre- and post-central gyri 
(particularly in the right hemisphere), basal ganglia structures including the caudate nucleus and 
putamen (striatum), and in limbic system structures including the thalamus, hippocampus, and 
amygdala.  To gain a better understanding of the systematic nature of age-related reductions in 
Eglob and K, we superimposed the Eglob results for Yng > OO onto a brain color-coded for 
three brain systems relevant for higher-level cognition including the DMN (red), fronto-parietal 
(blue), and fronto-executive (green) networks (see Figures 3.5 and 3.6).   
In contrast, for Eloc, older adults appear to have less voxels in the cortical systems, and 
show increased Eloc with age primarily in the caudate nucleus. This is consistent with the pattern 
of group comparisons reported for the whole-brain metrics where Young had greater Eloc than 
Old, but OO had greater Eloc than YO.  That age differences in both directions of the aging 
spectrum are spatially more pronounced for Eglob than for Eloc, is consistent with the idea that 
aging affects long-distant communication more detrimentally than short-distant communication. 
We tested these qualitative patterns by quantifying the mean of network metrics across 
participants in ROIs representing each cognitive network or region showing age-related 
differences.  Masks for the cogntitive networks shown in Figures 3.5 and 3.6 were formed from 
an independent sample of young adults (Voss et al., in press), and masks for the remaining 
regions were taken from the Harvard Oxford atlas packaged with the FSL software. Network 
metrics were extracted in all voxels within the ROIs that showed age-related differences of 
greater than 25% overlap in the group image for Yng > OO (cognitive systems) and OO > Yng 
(region-specific ROIs), and group differences were tested in separate MANOVAs for a) cortical 
systems and b) regions of the pre- and post-central gyri, caudate nucleus, putamen, thalamus, 
hippocampus, and amygdala.  Results are described in Table 3.3 and shown in Figure 3.7; all 
regions showed significant age-related differences.  It is noteworthy that although the spatial 
differences are more robust for Eglob and K, the strength of the effect size for age differences is 
greatest for Eloc.   
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The pattern of age differences can be summarized as younger adults having nodes with 
greater similarity among their most closest network neighbors (Eloc), shorter average path 
lengths to all network nodes (Eglob), and more connections on average across all voxels (K) in 
the cognitive networks. In contrast, older adults had shorter average path length to all other 
nodes in the pre and post-central gyri, striatum, and the limbic system, and nodes with increased 
similarity among closest neighbors in the caudate nucleus.  Next, we examined the extent to 
which network metrics in age-affected regions are associated with performance.   
 
Relationship of network measures to performance. 
 The impact of age differences in network topology on behavior was investigated by 
examining the association between network metrics showing age differences and cognitive 
performance in the young adults and the full older adult group (N=120).  Therefore, associations 
were tested for the whole-brain metrics of Eloc and Q, and for nodal metrics from the ROIs 
described above.  All correlations are partial correlations, after controlling for variance 
associated with age; results are summarized in Table 3.4.   
Results for whole-brain network metrics showed that greater Eloc was associated with 
slower processing speed, reflected by a positive correlation with Single Task response time (RT) 
from the Task-Switching paradigm for older adults, pr=.26, p=.005, whereas this correlation was 
non-significant in young adults (p=.69).  Q was not significantly associated with Single Task RT 
in old or young (p>.05). Eloc was also positively correlated with response time in the Spatial 
Working Memory task, pr=.25, p=.007, whereas this association was marginal for Q, pr=.18, 
p=.06; both Eloc and Q were not significantly correlated with Spatial Working Memory RT in 
young adults, and neither were associated with Spatial Working Memory accuracy in both 
groups. Overall, these results suggest that greater Eloc in older adults is associated with slower 
processing speed and slower response time during spatial working memory performance without 
significant accuracy impairment. 
 Results from the ROI analyses showed that greater Eglob in the putamen of older adults 
was associated with longer RT in the Spatial Working Memory task, pr=.23, p=.02. There were 
no significant correlations between nodal Eglob and performance in young adults. 
 Greater Eloc in the caudate nucleus of older adults was associated with longer RT in the 
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Single Task of the Task-Switching paradigm, pr=.19, p=.04.  Also, greater Eloc in the fronto-
executive network in olders was associated with longer RT in the Spatial Working Memory task, 
pr=.25, p=.007. There were no significant correlations between nodal Eloc and performance in 
young adults. 
 Results for K showed that greater K in the thalamus for older adults was associated with 
longer RT in the Single Task in the Task-Switching paradigm, pr=.18, p=.05.  In addition, higher 
K in the pre- and post-central gyri and caudate were associated with worse accuracy on the 
Spatial Working Memory Task, pr=-.25, p=.008 and pr=-.20, p=.04, respectively. There were no 
significant correlations between nodal K and performance in young adults. 
 None of the nodal network metrics were associated with aerobic fitness level, while 
controlling for variance associated with age. 
 Overall, these results suggest that greater Eloc in the caudate and greater K in the 
thalamus are associated with slower processing speed in older adults, reflected by their positive 
association with RT in the Single Task condition of the Task-Switching paradigm.  However, 
greater Eloc throughout the fronto-executive network and greater Eglob in the putamen were 
associated with slower working memory performance, whereas higher degree in the pre- and 
post-central gyri and caudate were associated with worse working memory accuracy (see Table 
3.4). 
 
Plasticity of age-related changes in network and relation to performance. 
 There were no changes in whole-brain metrics of network function as a result of aerobic 
fitness training (all p>.05 in MANCOVA followed by univariate ANOVAs).  However, given 
that aerobic fitness was positively associated with Rjk in the cross-sectional sample, we tested 
whether change in aerobic fitness (independent of group) was associated with change in Rjk, 
using a one-tailed partial correlation between slope of change in fitness and slope of change in 
Rjk and controlling for variance associated with age.  There was a significant positive correlation 
between change in fitness and change in Rjk, pr=.21, p=.05 (one-tailed), see Figure 3.9.  There 
was also a positive correlation between change in Q and change in fitness, pr=.28, p=.01 (two-
tailed). Thus, even with a non-directional hypothesis, the association between Q and fitness 
would still reach significance at p<.05 (see Table 3.2).  However, change in cognition was not 
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associated with change in Rjk or Q for either group or across participants. 
 Changes in favor of increased and decreased nodal Eglob, Eloc, and K as a function of 
training are shown in figures 3.10, 3.11, and 3.12, respectively.  Overall the figures display three 
main findings: 1) there is very little functional anatomical clustering for Eglob, suggesting 
training-related changes in Eglob are minimal and unlikely to have an impact of cognitive 
benefits associated with one year of aerobic exercise, 2) while there is not much functional 
anatomic clustering in Eloc, spatial maps suggest the FTB group has widespread increases in 
Eloc, whereas the walking group has widespread decreases in Eloc, and 3) the strongest changes 
were in K and showed that the walking and stretching groups had small areas of increased K in 
the posterior cingulate; however, the FTB group also increased in K in the pre- and post-central 
gyri, whereas the walking group showed decreases in the right pre- and post-central gyri.   
 These qualitatively observed patterns were somewhat shown in analysis of change in the 
age-related ROIs described above.  Based on MANCOVA and follow up univariate ANOVAs 
for each ROI, there were no significant group differences in Eglob in any of the ROIs.  Whereas, 
Eloc in the fronto-executive network significantly increased for the FTB group compared to the 
walking group; the difference was marginal at 6 mos, F(1,60)=3.04, p=.09, η2=.05, and 
significant at 12 mos, F(1,60)=4.70, p=.03, η2=.07.  However, no other ROIs showed significant 
change for either group. 
 Finally, Pearson correlations were conducted to examine the association of change in 
network topology with change in performance. Within groups, there was a significant association 
between increase in Spatial Working Memory RT and increase in Eloc in the fronto-executive 
network for the FTB group, r=.44, p=.008, but not for the walking group (p>.30), see Figure 
3.13.  Across all participants there was a significant association between increase in Eloc in the 
caudate nucleus and increase in Single Task RT, pr=.25, p=.04 (see Figure 3.13).  Both of these 
correlations are consistent with the cross-sectional associations for Eloc in the fronto-executive 
and caudate nucleus (see Table 3.4).  In addition, increased K in the caudate nucleus was 
associated with increased Single Task RT across all participants, r=.30, p=.02.   
 
Cross-correlation of network measures 
 To aid in the interpretation of the results, inter-correlations among whole-brain and nodal 
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network metrics for young and older adults are presented in Tables 3.5 and 3.6, and inter-
correlation between change in whole-brain and nodal metrics across all participants in the 
longitudinal sample are presented in Tables 3.5 and 3.7.  Finally, Table 3.8 also presents the 
relationships between change in Rjk and Q and change in nodal network measures.  The results 
of these inter-relationships are discussed in the context of interpretation of the main outcomes 
presented above. 
 
Discussion 
 In the current study the use of voxels to represents nodes rather than atlas-based ROIs has 
generated novel insight into how the topology of the functional brain differs as a function of age 
and changes following a year-long exercise program, and in turn, how network topology is 
associated with behavior.  Given the exploratory nature of the study, we have presented many 
results spanning both aging and plasticity, however we focus our discussion on the primary 
themes of the relationship between network topology and aging, performance, and plasticity. 
 
Age differences in whole-brain network metrics 
 There were age differences in whole-brain measures of the overall level of tightly 
clustered communities, with young having greater Eloc than older adults; in contrast, there were 
no differences between young and old in mean Eglob or K (see Table 3.2).  Although young 
showed more Eloc than old, the pattern was reversed in older adults such that the young-old 
group had less Eloc than old-old, and Eloc was positively correlated with age in the full sample.  
We discuss potential explanations for this pattern in the following section below, but it is 
interesting to note that the topological age differences in brain space look less severe for Eloc 
than Eglob and K, but the strength of the differences was greatest for Eloc. 
 Further insight into the age differences for local clustering are shown by age differences 
in modularity (Q) such that young had more Q than older adults, although there were no trends 
for increasing Q in old age.  There was also a trend for assortativity (Rjk) to be greater in young 
than old, and among older adults there was a trend for greater Rjk with increasing age.  Q and Rjk 
are related in that an assortive network is one where nodes of similar degree have direct links to 
each other.  In other words, nodes having only one direct link to the network tend to be 
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connected to other nodes with one direct link to the network, and nodes that have many direct 
links (i.e., hubs) are directly connected to each other. Thus an assortive functional architecture 
supports a modular architecture with relatively less well-connected nodes within modules, with 
similar infrastructure within the module supported by provincial hubs, and the presence of a core 
of inter-modular connector hubs that facilitate large-scale integration of specialized processing 
clusters (Newman, 2002; Rubinov and Sporns, 2009). The coupled trends of young having 
greater Q and Rjk than old, and increased age associated with increased Rjk could therefore 
suggest that age is associated with fragmentation of tight-nit processing units, however as 
healthy aging advances the fragmented modules may start to become more organized and inter-
connected, reflected by moderate increases in Rjk, but re-organization is not complete enough to 
increase Q. In this light, it is interesting that assortativity is thought to be a network metric 
reflecting resilience, and given the patterns of Q and Rjk just described, makes a candidate 
mechanism for cognitive reserve (Park and Reuter-Lorenz, 2009; Rentz et al., 2010).  We come 
back to the discussion of Q and Rjk when we discuss the plasticity of the network following 
exercise training. 
 
Age differences in network topology   
Given previous literature about the disconnection of the DMN in aging (Andrews-Hanna 
et al., 2007; Damoiseaux et al., 2008), including replication of these studies in the current data 
set (Voss et al., 2010a; Voss et al., 2010b), and the overlap of network hubs with the DMN 
(Buckner et al., 2009), it is not surprising that results in favor of greater connectivity among 
several dimensions (Eglob, Eloc, K) converge on age-related disconnection in the DMN.  
However, to our knowledge this is the first study to demonstrate spatial clustering of converging 
network metrics for age-related differences in the DMN with voxel scale network analysis.  
Importantly, age differences in favor of young also appeared to overlap with two other 
cognitively relevant cortical networks, the fronto-parietal and fronto-executive networks (see 
Figure 3.6).  Other studies have reported age-related reductions in the functional connectivity of 
these two networks using univariate connectivity analyses (Andrews-Hanna et al., 2007; Madden 
et al., 2010; Voss et al., 2010b), and one study showed fragmentation of modules that overlapped 
with these networks in a network analysis with atlas-based ROI nodes (Meunier et al., 2009); 
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however here we show this pattern is also evident in a network modeled at the voxel scale.  
In addition, to our knowledge this is the first evidence from a network science 
perspective that subcortical structures in the striatum and limbic system play an important role in 
brain and cognitive aging.  A growing number of studies have linked striatal function to aspects 
of processing speed and executive function in cognitive aging (Bäckman et al., 2010; Rieckmann 
et al., 2011; Ystad et al., 2010; Ystad et al., 2011). In general some studies appear to support a 
pattern whereby increased specificity of striatal-cortical connections is associated with better 
performance (Ystad et al., 2011), whereas greater non-specific connectivities between the 
thalamus and striatum are associated with worse performance (Ystad et al., 2010). One proposed 
mechanism for this pattern is age-related decline in dopamine signaling, which is hypothesized to 
dampen the signal-to-noise ratio of cortico-striatal-thalamic pathways during cognitive challenge 
(Kelly et al., 2009; Li et al., 2001). In this context it is possible that greater Eglob and K in the 
caudate and thalamus particularly (see Table 3.7) are related to greater mixing of local pathways 
between the caudate and thalamus, which may initiate a loss of fidelity in the signal relayed back 
to cortical targets.  We will discuss this possibility more in the section devoted to discussion of 
network topology and performance. 
Greater Eglob and K in the hippocampus and amygdala appeared to be tightly coupled 
(see Tables 3.6 and 3.7). However, some dissociations were shown in the correlation of change 
in nodal values for these regions, such that increased hippocampal K was associated with 
increased K in the caudate nucleus, putamen, and thalamus, whereas increased amygdala K was 
only associated with increased K in the putamen (see Table 3.7).  It is also interesting that 
increased K in the cortical networks was consistently associated with decreased K in the 
hippocampus and amygdala, a pattern also evident in the correlations in the cross-sectional 
young adult sample (Table 3.6).  This pattern of results suggests a trade-off between highly 
connected large-scale cortical connectivity and connectivity to the network in the amygdala and 
hippocampus that may be relatively independent of age.   
We also saw an interesting pattern of greater Eglob and K in the pre- and post-central gyri 
for older adults compared to young adults, and based on inter-correlations of nodal network 
measures, K in the pre- and post-central gyri did not appear related to K in the sub-cortical 
structures (see Tables 3.6 and 3.7).  This pattern suggests that the changes in these areas are 
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somewhat independent. An interesting topic for future research will be further understanding of 
changes in network topology for the pre- and post-central gyri.    
 
Association between network topology and performance 
 In both the behavioral data and the longitudinal data there were significant correlations 
between network measures and performance (see Table 3.4).  The most sensitive measures of 
behavior in relation to network topology were response time in the Single Task condition in the 
Task-Switching paradigm and response time and accuracy in the Spatial Working Memory task.  
That switch cost measures from the Task-Switching paradigm and perseverative errors from the 
WCST task were not associated with network measures, suggests network metrics may not be as 
sensitive to neural mechanisms of set shifting and sustained task-maintenance.  Post-hoc 
correlation analyses also indicated that Eloc in the caudate nucleus and K in the thalamus were 
highly correlated in the cross-sectional data after controlling for variance associated with age, 
pr=.50, p<.001, whereas this correlation was marginal in young adults, pr= .32, p=.08 ; Eloc in 
the caudate nucleus and thalamus were also highly correlated in their change measures, pr=.52, 
p<.001.  However, Eglob in the putamen and Eloc in the fronto-executive were not correlated in 
either the cross-sectional or longitudinal data, and nor were K in the pre- and post-central gyri 
and caudate nucleus (all p>.10).  This suggests that the associations with behavior for Spatial 
Working Memory are occurring somewhat independently of each other, whereas there may be a 
common mechanism for the association with Single Task response time.   
 One possible explanation for the relationship between Eloc in the caudate nucleus and K 
in the thalamus is if there is cross-pathway mixing between them in cortico-striatal-thalamic 
pathways.  These pathways are highly segregated based on their cortical targets, but also 
overlapping to facilitate their integrative function in cognition and behavior (Alexander et al., 
1986; Draganski et al., 2008).  Cross-mixing of segregated pathways, potentially through 
decreased dopamine signaling (Kelly et al., 2009; Li et al., 2001), would lead to dedifferentiation 
of subcortical representations and in turn slower information processing (Ystad et al., 2010).  
That Eglob in the caudate nucleus was not associated with processing speed, may suggest that it 
is the local mixing in cortico-striatal-thalamic circuits that is specifically related to behavior and 
not overall increased connectivity between the caudate nucleus, thalamus, and cortex. 
  98 
To add to the complexity of the relationship between Eloc in the caudate nucleus and 
behavior, we highlight an interesting pattern for older adults in the inter-correlation of change in 
nodal Eloc shown in Table 3.7.  Whereas in the cross-sectional data older adults had no 
association between caudate nucleus and fronto-parietal network Eloc (pr=.02), the correlation 
between their change is marginally positive (pr=.22, p=.08 two-tail).  Although the two 
correlations are not significantly different, the pattern suggests there may be a specific 
interaction between changes in community structure for the caudate nucleus and fronto-parietal 
network that is associated with processing speed slowing.  
 In contrast, Eglob in the putamen and Eloc in the fronto-executive network are likely 
working through independent means in association with Spatial Working Memory. Although the 
putamen is often only associated with sensorimotor pathways and motor function, it is also 
functionally connected to aspects of the ventral visual cortex and multiple aspects of the fronto-
executive network such as the dorsal cingulate gyrus, insula, and anterior prefrontal cortex 
(Barnes et al., 2010; Di Martino et al., 2008; Ystad et al., 2011).  While it seems intuitive that 
greater “parallel” processing power would enhance the ability for the putamen to integrate such 
diverse cognitive and motor inputs, similar to the hypothesis above, it’s also possible that the 
striatum functions better as a hierarchical network structure and that short path length to many 
brain regions reduces the fidelity of information processing in highly specialized cortico-striatal-
thalamo-cortical loops.  The dissociation between Eloc and Eglob in the caudate and putamen 
and their relationship to cognition may suggest that caudate integrative function depends more 
on the organization of its most connected nodes, whereas for the putamen integration is more 
limited in the overall amount of parallel processing it can handle. 
 What may Eloc in the fronto-executive network represent?  In network terms and given 
the method of selecting the nodes in the ROI, it means that in the fronto-executive voxel nodes 
that had shorter path length among their most connected/similar nodes, compared to young, the 
shorter the path length, the slower was working memory speed. At first it may seem curious that 
greater Eloc in nodes where young also had high Eloc would be related to slower spatial working 
memory.  However, since Eloc is based on the path length of direct neighbors of the nodes and 
not necessarily the nodes themselves, it is possible that young and old have different direct 
neighbors.  There are many possibilities for who their differing neighbors might be.  One 
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explanation might be that young have direct neighbors within the fronto-executive network and 
key inter-modular connecter hubs, whereas old have direct neighbors that cross into the other 
cortical networks without as much inter-module exchange through key connector hubs.  This 
pattern of age-related differences was shown in an atlas-based assessment of age-differences in 
modularity (Meunier et al., 2009).  However, since Meunier et al. used atlas-based regions as 
nodes and here we used voxels, it is questionable how comparable network topology is for Eloc.   
 Another strong pattern in age-related differences in network topology was the greater 
overall connectivity of the pre- and post-central gyri for old compared to young (see Figures 
3.4C and 3.7C), which was related to worse Spatial Working Memory accuracy.  It is possible 
greater K in the primary motor cortices with age reflects a loss in integrity of specific motor 
pathways important for visuomotor processing (Boorman et al., 2007).  This hypothesis could be 
examined with comparative functional and anatomical mapping of the connectivity of this 
heterogenous region in young and old adults.  
 
Plasticity of network topology 
 A final important theme of our results was individual differences in network topology as 
a function of aerobic fitness in older adults and related plasticity of the network from a year-long 
exercise training program.  In addition, where there were no exercise effects there is still value in 
exploring the nature of change among network measures over one year of aging and their impact 
on changes in performance.   
 There were no training-induced changes in whole-brain network metrics for Eglob, Eloc, 
K, Q, or Rjk which is consistent with another study that looked at changes in whole-brain 
network measures at post-test following a 4-month aerobic exercise intervention (Burdette et al., 
2010). 
Exploratory analysis of the spatial patterns of training-related change in network 
topology indicated that there were few changes in Eglob related to exercise training (see Figure 
3.10).  Changes in Eloc appeared to indicate that the FTB group had distributed patterns of 
increased Eloc, whereas the walking group showed decreases in Eloc, a pattern upheld in an ROI 
analysis showing that the FTB group had significantly greater increases in Eloc in the fronto-
executive network compared to the walking group.  These selective Eloc changes were also 
related to selective changes in behavior, as only the FTB group showed a positive correlation 
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between change in fronto-executive network Eloc and increases in Spatial Working Memory RT 
(see Figure 3.13).  This may suggest that the walking and FTB group showed differential change 
in the nature of their direct neighbors for age-sensitive nodes in the fronto-executive network.  
Alternatively, it could be that there was no change in local neighborhood composition, but rather 
that the FTB group showed increases in local inter-connectivity of node neighbors whereas the 
walking group showed decreases.  These will be important questions to examine in follow-up 
analyses. 
  Finally, in regard to the spatial topology of network changes, the most significant 
finding from the degree maps (see Figure 3.12) is that the FTB group increased in K in the pre- 
and post-central gyri, whereas the walking group decreased in K in the right pre- and post-central 
gyri.  The cognitive significance of this opposing pattern is unclear, however given the pattern of 
age-related differences in this study, these results suggests that the FTB group showed a pattern 
of K change that would be expected from aging whereas the walking group did not.  These 
results are in contrast to a previous study that found increases in K in the hippocampus, coupled 
with increases in hippocampal cerebral blood flow, for healthy elderly adults at post-test 
following a 4-month aerobic exercise program (Burdette et al., 2010).  Even though Burdette et 
al. examined group differences only at post-test, if the aerobic group displayed changes less 
along the trajectory of normal aging, then based on our results we would expect hippocampal 
degree to be greater in the control group.  However, it is also possible that 4 months of an 
aerobic exercise program provides the neurobiological support to augment network topology in 
the aging brain, but that a longer duration of aerobic exercise is associated with shifts in topology 
similar to what we’ve seen here.  Thus an important area of future study will be to determine 
how aerobic exercise impacts network topology over different time-scales from the acute stage to 
various durations of chronic behavior change.    
 
Increased aerobic fitness is associated with assortativity and modularity  
 Another interesting pattern in the training results was the relationship between change in 
aerobic fitness and change in Rjk and Q.  Aerobic fitness was positively correlated with Rjk in 
the cross-sectional sample of older adults, and there was a significant positive relationship 
between change in Rjk and change in aerobic fitness across all participants (see Table 3.2, Figure 
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3.9).  In contrast, age was not associated with Q in the cross-sectional sample of older adults, but 
there was a significant positive relationship between change in Q and change in aerobic fitness 
across all participants (see Table 3.2).  To gain further insight into these patterns of correlations 
we did post-hoc correlations between change in Rjk and Q, and change in each of the age-related 
ROIs (see Table 3.8).   
The correlations of change measures show that increase in Rjk was associated with 
increases in Eglob and not Eloc in all three cortical networks, whereas increase in Q was only 
associated with increase in Eglob for the fronto-parietal and fronto-executive networks.  In 
addition, increase in Rjk was associated with increase in K for the fronto-parietal and fronto-
executive networks, but not the DMN, and increase in Q was only associated with increase in K 
in the fronto-executive network.  This pattern is consistent with the idea that more assortive 
networks support more efficient communication between large-scale networks built around inter-
modular connector hubs, and suggest that the fronto-parietal and fronto-executive networks have 
more complex modular structures than the DMN.  This is somewhat expected as the fronto-
parietal and fronto-executive networks support a multitude of higher-level cognitive functions 
and are each comprised of very heterogeneous modules such as the ventral visual system (Haxby 
et al., 2001) and the anterior cingulate (Margulies et al., 2007), respectively.    
Overall, the correlations of change measures in the regionally specific ROIs suggest that 
increase in Rjk is involved with change in the community structure of subcortical structures such 
as the caudate nucleus, putamen, hippocampus, and amygdala.  For these subcortical structures it 
appears that increases in Rjk are associated with a decrease in the number of connections, which 
may reflect their strategic re-position into organized modules rather than in unorganized 
fragmented modules (which could increased Q) or their shift between roles as either connector or 
provincial nodes (Bassett et al., 2008; Meunier et al., 2009).   
 Given this context, increases in Rjk and Q with increases in aerobic fitness could mean 
several things.  One interpretation is that increases in aerobic fitness are associated with 
increased dopamine signaling (Chaddock et al., 2010; MacRae et al., 1987b) and increased 
trophic support for sypaptic plasticity (Christie et al., 2008; Vaynman et al., 2006), which 
together increase the fidelity of cortico-striatal-thalamic pathways and intra- and inter-modular 
communication flow.  Change in aerobic fitness was not significantly correlated with change in 
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any of the nodal network measures so it is not clear which of these may be driving the change in 
Rjk (subcortical or cortical), or if both contribute. However, importantly, Rjk is a putative marker 
for network resilience to attack (Newman, 2002; Rubinov and Sporns, 2009; Stam, 2010) and in 
turn may be associated with the network’s capacity to flexibly adapt to cognitive stress (Park et 
al., 2008).  Therefore the positive association between increase in Rjk and aerobic fitness could 
reflect greater protection against neurodegenerative disease or selected attacks on hubs through 
mini-strokes or ischemic events.  Thus even though increase in Rjk was not associated with 
increased cognitive performance in this study, it is a good candidate for predicting change in 
performance over a longer time-period such as several years to a decade.  This will be an 
important question for follow-up analyses. 
 
Conclusions, limitations, and future directions 
 This study introduced another class of methods for measuring functional connectivity in 
the brain, based on mathematical models that have been used for characterizing dynamic network 
behavior in self-organizing real-world systems, such as social networks or patterns of 
commercial airplane travel (Guimerà et al., 2005; Watts and Strogatz, 1998).  The study explored 
the data in regards to aging and network plasticity, and demonstrated the richness of the 
information gained from modeling the brain as a complex network and its potential for 
generating new insight about brain function.  The study also revealed some methodological 
issues for applying network science to functional imaging data.  
 Overall, there were several lines of interesting findings that are novel and deserve future 
study.  First, the aging brain shows a shift in network topology with the primary motor and 
somatosensory, subcortical, and limbic structures moving towards more integrative roles in the 
network, coupled with fragmentation of large-scale cortical networks into more segregated 
clusters.  Previous studies of the brain network have not shown large age differences in network 
topology in the subcortical structures (Achard and Bullmore, 2007; Meunier et al., 2009; Wang 
et al., 2010), and this is likely due to their use of atlas-based ROIs for modeling network nodes.  
One primary assumption in network modeling is that the nodes be internally coherent and 
externally independent (Bullmore and Bassett, 2011; Rubinov and Sporns, 2009).  While this 
may be consistent with atlas-based ROIs for some small, relatively homogenous regions such as 
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the primary auditory cortex, it is likely incorrect for more complex brain regions such as the 
striatum, thalamus, hippocampus, and cingulate cortex (Draganski et al., 2008; Kahn et al., 2008; 
Margulies et al., 2007; Zalesky et al., 2010).  Therefore modeling at the voxel-scale permits a 
more fine-grained, and likely more accurate assessment of network topology (Hayasaka and 
Laurienti, 2009; Zalesky et al., 2010). Atlas-based ROIs also introduce a confound of ROI size 
whereby the integrative role of a node may be determined by having more or less voxels for 
which signal is averaged over (Bullmore and Bassett, 2011; Hayasaka and Laurienti, 2009). 
Of course voxel-scale nodes may compromise the assumption of external independence, 
and future research will be needed to examine what scale is most appropriate for the scale of 
nodes in functional MRI networks. Though there is always the problem of not knowing “ground 
truth”, it is possible that simulation studies could be of use.  For example, a recent simulation 
study showed that recovery of the true model is particularly bad when violating the internal 
coherence assumption, such as when using broad atlas-based ROIs (Smith et al., 2011).  In 
addition, as computational resources become negligible it will be interesting for more studies of 
aging and plasticity to examine their data using varying scales for the network nodes and 
investigate how relationships between network topology, brain structure, and behavior change as 
a function of scale.   
A second take-home message from this study is that not only are specific connections 
plastic (Voss et al., 2010b), but large-scale organizing properties of the brain also appear plastic 
to experience such as exercise training.  Given that our sample was required to be currently 
sedentary and were in the bottom 10th percentile in their population for aerobic fitness, it is also 
possible that our estimation of the cross-sectional association between assortativity and fitness is 
an underestimation and it will be interesting to examine differences in assortativity in older 
adults with a broader range of fitness levels and following more long-term differences in 
physical activity behavior.  In addition the nodal network metrics displayed a general pattern of 
the FTB group continuing along the aging trajectory and the walking group showing signs of 
shifting towards the younger adult group. It shouldn’t be completely unexpected that changes 
were modest in the network metrics since changes in large-scale architecture of the brain must be 
in balance with stabilizing properties that maintain function.  However, it is likely that task-free 
functional dynamics are more so driven by very stable structural architecture and thus may 
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change over a longer time-scale than highly flexible and adaptive changes that occur during 
cognition, which may foreshadow long-term adaptations from experience (Buckner et al., 2009; 
Park et al., 2008; Sepulcre et al., 2010). Therefore it will be important for future research to 
compare individual differences in network dynamics for the task-free and rest state in addition to 
task-specific states representing cognitive abilities relevant to cognitive aging such as associative 
memory or dual-tasking. Task-related dynamics will also be complementary by being sensitive 
to how the network topology changes when integration and segregation are under functional 
stress. 
Related to this future direction, the data used in the current study included three fMRI 
runs of distinct passive viewing tasks. We tried to control for task-specific global signal changes 
by regressing out task-related signal from the primary visual cortex, however it is clear from the 
network topology that some task-related effects common across tasks were still present in the 
data. Thus it will be important to assess the questions raised here with pure resting state data to 
determine the generalizability of our conclusions. It is possible that data collected during passive 
visual stimulation is more predictive of behavior since it models the network under conditions 
more consistent with the “rest” state of everyday life.  Nevertheless, the results of the current 
study must be interpreted in the context of brain function during passive visual stimulation rather 
than during the pure rest state.   
 In sum, the current study used a network science perspective to reveal novel insights 
about the aging brain and cognition, and plasticity of brain function from a year-long exercise 
program in healthy elderly adults.  Network modeling of brain structure and function promises to 
change the landscape of cognitive neuroscience by adding a toolbox for systems-level analysis of 
brain function with which to understand the complexities of brain development and behavior 
across the lifespan.  As such this study is an invaluable starting point for methodological 
advancement in application of using network science to address the important societal issue of 
the aging brain and mind. 
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Figure 3.1 
 
 
 
 
Caption. Preprocessing for functional images, see methods for description of specific algorithms 
for each preprocessing step (e.g., motion correction, brain extraction, registration) and Network 
analysis pipeline. 
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Figure 3.2  
 
3.2A  Mean network topology for Young, YO, and OO 
 
 
3.2B  Contrasts in favor of younger groups 
 
 
3.2C  Contrasts in favor of older groups 
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Figure 3.3  
 
3.3A  Mean network topology for Young, YO, and OO 
 
 
3.3B  Contrasts in favor of younger groups 
 
 
3.3C  Contrasts in favor of older groups 
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Figure 3.4  
 
3.4A  Mean network topology for Young, YO, and OO 
 
 
3.4B  Contrasts in favor of younger groups 
 
 
3.4C  Contrasts in favor of older groups 
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Figure 3.5   
 
 
 
Caption: These ROI maps demonstrate the spatial separability of the networks.  ROIs were 
generated from functional seeding analysis in an independent sample of young adults (Voss et 
al., 2011).  Regions comprising each network in the ROI were significant at z > 3.72 voxel, 
p<.05 cluster correction.  
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Figure 3.6   
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Figure 3.7 
 
3.7A  Age differences in Eglob 
 
 
Caption: All regions ROIs were significantly different based on univariate ANOVA (p<.01), 
following significant MANOVA, p<.001, see Table 2.
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Figure 3.7 (cont.) 
 
3.7B Age differences in Eloc 
 
 
Caption: All regions ROIs were significantly different based on univariate ANOVA (p<.01), 
following significant MANOVA, p<.001, see Table 2.
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Figure 3.7 (cont.) 
 
3.7C Age differences in K 
 
 
 
 
 
Caption: All regions ROIs were significantly different based on univariate ANOVA (p<.01), 
following significant MANOVA, p<.001, see Table 2.
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Figure 3.8  
 
 
 
Caption: pr=partial correlation after controlling for variance associated with age, correlation is 
from older adult group only. 
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Figure 3.9  
 
 
Caption: Both correlations are statistically significant, age-correction done by predicting aerobic 
fitness and assortivity by age in separate regressions and saving unstandardizd residuals, pr<.05 
(see Table 2) 
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Figure 3.10  
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Figure 3.11  
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Figure 3.12  
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Figure 3.13   
 
 
 
Caption: Association between change in Eloc in caudate nucleus and change in Single Task RT 
shown without age-correction (r=.25, p=.04), partial correlation is equivalent after correcting for 
age, pr=.25, p=.04. 
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Table 3.1 
 
Table 3.1A Demographics for cross-sectional subject groups 
 
      Matched groups  p­value (2­
tailed) 
Variable  Young Adult 
Control 
Older Adult 
sample 
Young­Old 
(60­69 yrs) 
Old­Old 
(70­79 
yrs) 
Young
­Old 
YO­
OO N  32  120  30  30     Age (SD)  23.9 (4.4)  66.5 (5.7)  64.1 (2.7)  73.8 (2.9)  ***  *** % Female  85  71  73  73  NS  NS Educationa  16.8 (2.1)  15.8 (3.0)  15.9 (3.1)  15.3 (2.4)  NS  NS mMMSEb  na  54.8 (1.9)  55.1 (1.6)  54.2 (2.4)  na  NS 
Participant Demographics. Education refers to self-reported years of education, NS p > .05; 
*p<.05, **p<.01, ***p<.001, NS p > .05; na indicates relevant data was not collected.   
 
 
 
Table 3.1B Demographics for longitudinal study groups 
 
  Randomly Assigned  p­value (2­tailed) 
Variable  FTB Control  Walkers  Young­Old  FTB­Walk 
N  35  30     Age (SD)  65.37 (5.24)  67.30 (5.80)  ***  NS % Female  71  73  NS  NS Educationa  15.87 (2.73)  15.93 (2.84)  NS  NS mMMSEb  54.83 (1.87)  55.23 (1.43)  na  NS 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Table 3.2 Summary of effects in whole-brain topology of the network 
 
Net Metric O vs. Y YO vs. OO r age (O) pr vo2 (O) Δnet,vo2 
Eglob ≅ ≅ .08 -.08 .10 
Eloc Y > O* OO > YO* .21* .02 .07 
K ≅ ≅ -.09 .02 -.11 
Q Y > O* ≅ .08 .04 .28* 
Rjk Y > O† ≅ .18† .19* .21* 
 
Caption: *p<.05, †p=.06; O=old group (N=120), Y=young group (N=32), YO=young‐old group (N=30), OO=Old‐Old group (N=32); pr indicates correlation after partialling out variance associated with age; Δ  indicates association between change in whole-brain network 
metric and change in vo2, as estimated by the slope of change from baseline to the end of the 
intervention, across all subjects and controlled for variance associated with age; given 
association in cross-sectional data, p-values for Δ  analysis are one-tailed, *p<.05.
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Table 3.3  Summary of age effects in nodal topology of the network 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Caption:  Note contrast for generation of ROI used oldest old group (OO), but MANCOVA 
examined full cross-sectional group of older adults (N=120). Using Pillai’s Trace, there was a 
significant effect of age group on Eglob in the cognitive systems (V=.11, F(3, 147)=5.96, p<.001, 
η2=.11) and region-specific ROIs from the OO > Yng contrast (V=.22, F(6,144)=6,79, p<.001, 
η2=.22); there was a significant effect of age group on Eloc in the cortical systems (V=.58, F(3, 
147)=5.96, p<.001, η2=.58); finally, there was a significant effect of age group on K in the 
cortical systems (V=.57, F(3, 147)=64.15, p<.001, η2=.57) and region-specific ROIs from the OO 
> Yng contrast (V=.37, F(6,144)=14.34, p<.001, η2=.37); η2=partial eta squared; r age, Pearson 
correlation with age in older adult group (N=120), *p<.05.  None of the nodal network metrics 
were significantly associated with aerobic fitness, after controlling for variance associated with 
age, all pr>.05. 
 
 
 
 
 Eglob   Eloc   Degree 
(K) 
  
Contrast 
   ROI 
p-value 
F(1,149) 
η2 r age p-value 
F(1,149) 
η2 r age p-value 
F(1,149) 
η2 r age 
Yng > OO           
   Default mode <.001 .10 .07 <.001 .54 -.08 <.001 .46 -.03 
   Fronto-parietal <.001 .08 -.02 <.001 .41 -.26* <.001 .34 -.20* 
   Fronto-executive .002 .06 -.02 <.001 .38 -.05 <.001 .48 -.22* 
OO>Yng          
   PPG <.001 .15 .11    <.001 .17 .11 
   Caudate nucleus <.001 .12 .15 <.001 .11 .31* <.001 .11 .20* 
   Putamen <.001 .18 .24*    <.001 .18 .39* 
   Thalamus <.001 .16 .09    <.001 .14 .11 
   Hippocampus <.001 .15 .12    <.001 .16 .01 
   Amygdala <.001 .19 .11    <.001 .16 .03 
  123 
Table 3.4 Summary of associations between network topology and performance in older adults 
in metrics sensitive to age differences  
Caption: +/- indicates presences of significant (p<.05) association between performance and 
network metric; for longitudinal analysis, association represents association between individual 
slopes in change across three sessions of baseline, 6 mos., and 12 mos.; only significant 
associations are shown.  Single Task RT refers to response time on Single Task condition of 
Task-switching paradigm and is analogous to a two-choice reaction time measure of processing 
speed; SPWM RT refers to average response time in the Spatial Working Memory task across 
three set sizes of memory load (1,2,3); SPWM ACC refers to mean accuracy in SPWM task 
across three set sizes of memory load (1,2,3).  
 Single 
Task RT 
SPWM 
RT 
SPWM 
ACC 
Interpretation 
Whole-brain Net metric     
   Eloc + +  The more often a node’s most 
connected/similar nodes are also 
connected to each other, the slower 
one’s processing speed and working 
memory speed 
   Q     
Nodal net metric in age ROIs     
  Eglob_putamen  +  In voxels in the putamen that have 
shorter path length to all other voxels, 
compared to young, the shorter the path 
length the slower working memory 
speed 
  Eloc_fronto-executive  +  In voxels in the FE that have shorter 
path length among it’s most 
connected/similar nodes, compared to 
young, the shorter the path length the 
slower working memory speed 
  Eloc_caudate nucleus +   In voxels in the caudate that have 
shorter path length among it’s most 
connected/similar nodes, compared to 
young, the shorter the path length the 
slower processing speed 
  K_thalamus +   In voxels in the thalamus that have 
more absolute number of connections, 
compared to young, the more 
connections the slower processing 
speed 
  K_pre-/post-central gyrus   - In voxels in the PPG that have more 
absolute number of connections, 
compared to young, the more 
connections the worse working memory 
accuracy 
  K_caudate nucleus   - Same as above for caudate 
Whole-brain Net metric x time     
  None     
Whole-brain Net metric x time x group     
  None     
Nodal net metric x time x ROI     
 Eloc_caudate nucleus +   Greater similarity among most 
connected nodes in caudate assoc w/ 
slowing of processing speed 
Nodal Net metric x time x ROI x group     
 Eloc_fronto-executive  + FTB 
ns, WALK 
 Greater similarity among most 
connected nodes in FE assoc w/ 
slowing of working memory for FTB 
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Table 3.5 Inter-correlations among whole-brain network metrics for young and older adults 
 
Table 3.5A Cross-sectional sample 
 
 Older adults (N=120) 
above diagonal 
 
  
 
age Eglob Eloc K Rjk Q 
age  .08 .21 -.09 .18 .08 
Eglob .20  .66 -.82 .22 .17 
Eloc -.08 .56  -.54 .40 .43 
K .21 -.60 -.45  -.38 .23 
Rjk -.06 -.23 .18 .00  .34 Yo
un
ge
r a
du
lts
 
(N
=3
2)
 
be
lo
w
 d
ia
go
na
l 
Q .25 .12 .17 -.07 .13  
Caption: Correlations represent undirected bivariate Pearson correlations; bold type-face, p<.05, 
underline type-face, p<.10. 
 
 
Table 3.5B Inter-correlations of change in whole-brain metrics for older adult longitudinal 
sample 
 
  
 
Eglob Eloc K Rjk Q 
Eglob  .78 -.86 .22 .26 
Eloc   -.63 .32 .45 
K    -.31 -.32 
Rjk     .37 
Q      
Caption: Correlations represent undirected partial correlations, controlling for variance 
associated with age; green highlight indicates an association that is statistically different for 
association of change compared to cross-sectional associations, p<.05 two-tailed; bold type-face, 
p<.05, underline type-face, p<.10. 
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Table 3.6 Inter-correlations among nodal network metrics for young and older adults 
 
Table 3.6A Eglob for cross-sectional sample 
 
 Older adults (N=120) 
above diagonal 
 
 DMN FP FE PPG CAUD PUT THAL HIPPO AMG 
DMN  0.89 0.90 0.72 0.66 0.70 0.62 0.64 0.63 
FP 0.80  0.76 0.65 0.70 0.63 0.66 0.63 0.76 
FE 0.87 0.91  0.84 0.72 0.73 0.67 0.69 0.69 
PPG 0.36 0.48 0.59  0.73 0.75 0.73 0.73 0.73 
CAUD 0.43 0.59 0.62 0.81  0.78 0.76 0.73 0.77 
PUT 0.41 0.53 0.61 0.85 0.89  0.67 0.79 0.81 
THAL 0.42 0.46 0.57 0.75 0.76 0.85  0.75 0.76 
HIPPO 0.41 0.55 0.58 0.81 0.84 0.91 0.70  0.95 Yo
un
ge
r a
du
lts
 (N
=3
2)
 
be
lo
w
 d
ia
go
na
l 
AMG 0.35 0.48 0.50 0.79 0.87 0.94 0.77 0.93  
 
 
Table 3.6B Eloc for cross-sectional sample 
 
 
Older adults (N=120) 
above diagonal 
 
 DMN FP FE CAUD 
DMN  0.48 0.41 -0.06 
FP 0.57  0.37 0.02 
FE 0.42 0.67  -0.05 
 
Yo
un
ge
r 
ad
ul
ts
 
(N
=3
2)
 
be
lo
w
 
di
ag
on
al
 
CAUD -0.28 -0.06 0.07 
  
 
Table 3.6C K for cross-sectional sample 
 
 Older adults (N=120) 
above diagonal 
 
 DMN FP FE PPG CAUD PUT THAL HIPPO AMG 
DMN  0.39 0.28 -0.29 -0.17 -0.23 -0.18 -0.36 -0.34 
FP 0.33  0.37 -0.30 -0.32 -0.19 -0.27 -0.46 -0.46 
FE 0.49 0.60  0.01 -0.16 -0.31 -0.06 -0.37 -0.40 
PPG -0.22 0.01 0.06  -0.02 0.04 0.04 -0.16 -0.14 
CAUD -0.21 -0.10 -0.01 0.07  0.29 0.63 0.19 0.24 
PUT -0.46 -0.34 -0.25 0.45 0.58  0.09 0.21 0.27 
THAL -0.25 -0.29 -0.11 0.47 0.41 0.67  0.32 0.31 
HIPPO -0.50 -0.58 -0.68 0.08 0.25 0.43 0.21  0.89 
 
Yo
un
ge
r a
du
lts
 (N
=3
2)
 
be
lo
w
 d
ia
go
na
l 
AMG -0.46 -0.54 -0.64 0.18 0.36 0.58 0.37  0.91 
 
 
 
Caption: Correlations represent undirected partial correlations, controlling for variance 
associated with age; bold type-face, p<.05, underline type-face, p<.10. 
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Table 3.7 Inter-correlations among change in nodal network metrics for older adult longitudinal 
sample 
 
Table 3.7A Eglob for longitudinal sample 
 
 DMN FP FE PPG CAUD PUT THAL HIPPO AMG 
DMN  0.93 0.93 0.79 0.74 0.75 0.75 0.77 0.79 
FP   0.94 0.82 0.74 0.76 0.73 0.75 0.77 
FE    0.86 0.83 0.83 0.81 0.81 0.84 
PPG     0.85 0.89 0.83 0.89 0.91 
CAUD      0.88 0.88 0.86 0.88 
PUT       0.79 0.87 0.90 
THAL        0.85 0.83 
HIPPO         0.97 
AMG          
 
 
Table 3.7B Eloc for longitudinal sample 
 
 DMN FP FE CAUD 
DMN  .45 .50 .05 
FP   .28 .22 
FE    -.03 
CAUD     
 
 
Table 3.7C K for longitudinal sample 
 
 DMN FP FE PPG CAUD PUT THAL HIPPO AMG 
DMN  0.47 0.34 -0.27 -0.10 -0.23 -0.15 -0.29 -0.29 
FP   0.45 -0.18 -0.26 -0.32 -0.21 -0.64 -0.53 
FE    -0.23 -0.04 -0.33 0.10 -0.35 -0.35 
PPG     0.05 0.07 0.00 -0.01 -0.08 
CAUD      0.06 0.61 0.28 0.13 
PUT       -0.08 0.46 0.51 
THAL        0.29 0.12 
HIPPO         0.82 
 AMG          
 
Caption: Correlations represent undirected partial correlations, controlling for variance 
associated with age; bold type-face, p<.05, underline type-face, p<.10. 
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Table 3.8 Relationship between change in Rjk and Q and change in nodal network measures 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Caption: prΔ  indicates association between change in whole-brain network metric and change in 
nodal network metric, as estimated by the slope of change from baseline to the end of the 
intervention, across all subjects and controlled for variance associated with age; *p<.05, 
**p<.001, two-tailed. 
 
 
 
 
 
 
 
 
 Eglob Eloc Degree (K) 
Contrast 
   ROI 
pr ΔRjk pr ΔQ pr ΔRjk pr ΔQ pr ΔRjk pr ΔQ 
Yng > OO        
   Default mode .24*      
   Fronto-parietal .32* .28*   .48**  
   Fronto-executive .29* .31*   .32* .38* 
OO>Yng       
   PPG  .26*     
   Caudate nucleus  .34* -.30* .27* -.29*  
   Putamen     -.35*  
   Thalamus  .30*     
   Hippocampus     -.54**  
   Amygdala     -.54** -.27* 
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Chapter 4: 
Neurobiological markers of exercise-related brain plasticity in older adults 
 
Chapter summary 
 The current study examined how a year-long aerobic exercise program for healthy older 
adults would affect peripheral levels of three putative markers of exercise-induced benefits on 
brain function, including brain-derived neurotrophic factor (BDNF), insulin-like growth factor 
type 1 (IGF-1), and vascular endothelial growth factor (VEGF).  The study also examined 
whether change in the peripheral growth factors was associated with change in previously 
reported changes in functional connectivity following exercise, and the extent to which baseline 
levels of growth factors was associated with training-related changes in functional connectivity.  
Results showed that although there were no group-level changes in growth factors as a function 
of the intervention, increased temporal lobe connectivity between the bilateral parahippocampus 
and the bilateral middle temporal gyrus was associated with increased BDNF, IGF-1, and VEGF 
for an aerobic walking group but not for a non-aerobic control group, and that greater baseline 
VEGF was associated with greater training-related increases in this functional connection.  
Results are consistent with animal models of exercise and the brain, but are the first to show in 
humans that increases in functional connectivity in the hippocampal and surrounding temporal 
lobe from aerobic exercise are promoted by changes in growth factors and may be augmented by 
greater baseline VEGF. 
 
 
Introduction  
 An important extension of the first three studies in this dissertation remains 
characterization of neurobiological markers of exercise effects on the brain and cognition.  The 
goal of this study is to examine potential explanatory factors in the association between 
functional connectivity and exercise, such as neurobiological markers of brain plasticity.  Since 
there were no changes in favor of greater connectivity for the walking group in the multivariate 
analyses in Chapter 3, here I focus on an examination of potential neurobiological mechanisms 
of change between brain regions that showed increased functional connectivity in Chapter 2 
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using univariate functional connectivity analyses of specific functional pathways.  
 A number of studies using magnetic resonance imaging (MRI) techniques and functional 
MRI (fMRI) have shown that aerobic exercise is beneficial for brain function in aging humans 
(Colcombe et al., 2004; Pereira et al., 2007; Rosano et al., 2010; Voss et al., 2010b).  Whereas 
the advantage of MRI and fMRI is an in vivo assessment of brain integrity, a disadvantage, like 
behavioral measures, remains the inability to trace individual differences in brain measures to 
their neurobiological substrates. As a result, the neurobiological mechanisms for improvements 
in human brain function from exercise are not fully understood.  However, animal models of 
exercise effects on the brain have identified several important neurobiological pathways that 
mediate the downstream effects of aerobic exercise on brain and cognition (see Cotman et al., 
2007; Vaynman and Gomez-Pinilla, 2006 for reviews).  
 Three neuroprotective factors identified in animal models are the growth factors brain-
derived neurotrophic factor (BDNF), insulin-like growth factor-1 (IGF-1), and vascular 
endothelial growth factor (VEGF) (Cotman et al., 2007).  BDNF is produced by the brain and 
excreted from muscles during exercise, however some studies have shown that BDNF excreted 
from muscles does not circulate (Matthews et al., 2009; Pedersen, 2009) and that peripheral 
levels of BDNF are predominantly brain-derived at rest and during exercise (Rasmussen et al., 
2009). BDNF transport across the blood-brain barrier from the brain to the periphery has been 
shown to occur primarily through the choroid plexus (CP) blood-brain interface (Pan et al., 
1998).  Central BDNF is highly concentrated in the hippocampus, but is also distributed 
throughout the human cortex and sub-cortex (Murer et al., 1999); BDNF plays a primary role in 
mediating the effects of exercise on synaptogenesis, synaptic plasticity, and enhanced learning 
and memory (Christie et al., 2008; Erickson et al., 2011a).   
In contrast, although IGF-1 is also produced in the periphery and in the central nervous 
system, studies show that its neuroprotective effects stem from an increase in brain uptake of 
peripheral IGF-1 during exercise, particularly in the hippocampus (Carro et al., 2000; Carro et 
al., 2001; Trejo et al., 2001). The primary source of circulating peripheral IGF-1 is the liver, but 
it is also produced locally in an autocrine/paracrine fashion throughout the body such as in bone, 
fat, muscle, kidney, heart, and in the spleen (Yakar et al., 1999); specifically in response to 
exercise, blocking liver-produced IGF-1 through gene deletion blocks the effects of exercise on 
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angiogenesis that are mediated by IGF-1 (Lopez-Lopez et al., 2004). Blockade of peripheral 
IGF-1 affected angiogenesis in part because IGF-1 is involved in stimulating VEGF production 
(Lopez-Lopez et al., 2004).  In addition, although IGF-1 efficiently passes to the brain through 
both the blood-brain barrier (Nishijima et al., 2010) and via the CP pathway (Carro et al., 2005), 
the CP pathway is thought to be the primary transport mechanism associated with exercise-
induced effects of peripheral IGF-1 on the brain (Carro et al., 2000; Carro et al., 2005). IGF-1 
also stimulates increased BDNF production in the brain (Ding et al., 2006) and is necessary for 
exercise-induced increases in neurogenesis (Carro et al., 2000; Trejo et al., 2001) and c-Fos 
expression (a marker of neuronal activity) in the hippocampus (Carro et al., 2000).  
Similar to IGF-1, VEGF is increased in the periphery during aerobic exercise and 
peripheral VEGF plays an important role in mediating the benefits of exercise on the brain such 
as differentiation and production of new blood vessels (angiogenesis) and neurogenesis (Lopez-
Lopez et al., 2004).  VEGF production is induced when cells are not receiving enough oxygen 
and is up-regulated following exercise in the muscle (Gavin et al., 2004) and in circulation 
(Fabel et al., 2003). While peripheral VEGF does not cross the blood-brain barrier, it has been 
shown to promote neurogenesis and synaptic plasticity through stimulating neural stem cell 
prolifereation and differentiation and increased central endothelial cell and astrocytic production 
of VEGF, BDNF, and IGF-1 through receptor pathways (Zacchigna et al., 2008; Ruiz de 
Almodovar et al., 2009). 
The goal of the current study is to understand how these growth factors may be involved 
in exercise-induced changes in functional connectivity in the human brain.  Functional 
connectivity here refers to the temporal coherence, or synchronization, of low frequency brain 
activity from separate brain regions hypothesized to be a part of distinct brain systems.  
Temporal coherence of the fMRI BOLD signal in the low frequency range (i.e., .008 < f Hz < 
.08) has been shown to best reflect distant, neural communication between brain regions (Cordes 
et al., 2001; Leopold et al., 2003) such as in brain networks comprised of multiple association 
areas. In a previous study, we found that functional connectivity between frontal, temporal, and 
parieto-occipital regions in the default mode network (DMN) and connectivity between the right 
and left anterior prefrontal cortices in a fronto-executive network were increased following a 
year-long aerobic exercise intervention, see Table 4.1 (Voss et al., 2010b).  In contrast, the non-
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aerobic flexibility, toning, and balance (FTB) group showed increased connectivity between two 
regions that are typically part of distinct fronto-parietal and fronto-executive brain networks.  We 
speculated that this change was influenced by the cognitive demands of the FTB program, 
however the extent to which this connectivity change was adaptive for cognitive function is 
unknown and may be further characterized by covariation with change in neurobiological 
factors.  Finally, we found that the connectivity between the right anterior lateral prefrontal 
cortex in a fronto-executive network and the left hippocampus in the DMN became significantly 
more reduced in the walking group compared to the FTB group, which shifted the walkers to be 
more similar to the young adult control group.  Thus for this regional connection, we interpreted 
an increasing negative correlation as a beneficial change for older adults that reflects greater 
differentiation of distinct brain systems. 
What evidence is there for BDNF, IGF-1, and VEGF to be involved in exercise-induced 
improvements in neural communication in healthy elderly adults? BDNF, IGF-1, and VEGF may 
play complementary roles in supporting exercise-induced increases in functional connectivity.  
BDNF may be linked to improved functional connectivity through its role in exercise-induced 
increases in synaptogenesis and dendritic spine density (Stranahan et al., 2007; Vaynman et al., 
2006), increasing the connection capacity of neurons and synaptic plasticity in the form of long-
term potentiation (LTP) (Rex et al., 2006; Schinder and Poo, 2000), which several studies have 
linked to increased inter-regional temporal coherence in brain networks (Baeg et al., 2007; Yun 
et al., 2007).  There is also evidence that neural activity in the hippocampus is increased during 
aerobic exercise (i.e., wheel running), based on increased c-Fos expression in the hippocampus 
(Carro et al., 2000; Clark et al., 2009; Clark et al., 2010) and cortex (Carro et al., 2000), which 
would initiate a cascade of activity-dependent changes in synaptic plasticity that could strengthen 
existing functional connections in the brain (Schinder and Poo, 2000), particularly with the 
hippocampus since it is highly concentrated in BDNF following exercise (Neeper et al., 1995). 
One study also showed that peripheral injection of IGF-1 mimicked wide-spread 
increases in c-Fos expression in the brain, coupled with increased BDNF mRNA in the same 
places showing increased BDNF mRNA in response to exercise (Carro et al., 2000; Neeper et al., 
1995).  Further, when uptake of peripheral IGF-1 was blocked through the CP blood-brain 
pathway, exercise-induced expression of c-Fos was abolished (Carro et al., 2000).  Whereas 
  132 
another study showed that blocking hippocampal IGF-1 receptors during exercise abolished the 
effects of exercise on increased hippocampal BDNF mRNA expression and downstream end-
products of BDNF that are important for synaptic function (Ding et al., 2006). These studies 
highlight the interaction between IGF-1 and BDNF, and suggest that IGF-1 plays an important 
role in promoting the actions of BDNF on enhanced synaptic plasticity.  Additionally, one study 
showed that genetically modified mice with IGF-1 gene deletion had a 25% reduction in dendrite 
length and extension and a 10-20% reduction in branching and number of dendritic spines 
(Cheng et al., 2003), suggesting that IGF-1 is an important regulator of dendritic complexity, 
which could affect the capacity for maintaining and building new neuronal connections.  
Interestingly, peripheral IGF-1 also stimulates VEGF and growth of endothelial cells, 
providing a pathway through which serum IGF-1 plays a critical role in exercise-induced 
angiogenesis (Lopez-Lopez et al., 2004).  A potential link between this pathway and increased 
functional connectivity from exercise involves nitric oxide synthase produced by endothelial 
cells (eNOS), including those lining the capillaries of the brain (Christie et al., 2008).  
Specifically, exercise up-regulates eNOS in the cerebral vasculature (Endres et al., 2003; Moon 
et al., 2006) and eNOS is required for exercise-induced up-regulation of BDNF in the 
hippocampus (Chen et al., 2005; Chen et al., 2006), making IGF-1 and VEGF stimulated growth 
of endothelial cells a critical step in the effects of exercise on BDNF-mediated enhancement of 
synaptogenesis and synaptic plasticity.  Thus, angiogenesis facilitated by IGF-1 and VEGF may 
enhance functional connectivity through multiple routes.  One route would be increased blood 
perfusion through angiogenesis, providing general cellular and oxidative support for neuronal 
activity and survival; another (alternative or complementary) route would be increased 
endothelial cell production, promoting increased eNOS production (Fukumura et al., 2001), 
which in turn may lay the groundwork for increased exercise-related BDNF production and 
increased support for synaptogenesis and activity-dependent LTP (Chen et al., 2006; Christie et 
al., 2008; O'Dell et al., 1994).  Support for the first scenario would come from a pattern of 
general associations between peripheral IGF-1 and VEGF and functional connectivity throughout 
the brain, whereas greater support for the latter scenario would come from associations with 
functional connectivity that overlap between peripheral levels of BDNF, IGF-1, and VEGF.   
More generally, healthy aging is accompanied by decreased functional connectivity in the 
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DMN, fronto-parietal, and fronto-executive networks (Andrews-Hanna et al., 2007; Madden et 
al., 2010; Voss et al., 2010b), coupled with reductions in the availability of BDNF (Erickson et 
al., 2010; Ziegenhorn et al., 2007), IGF-1 (Markowska et al., 1998), and VEGF (Gao et al., 2009; 
Rivard et al., 1999).  However, since BDNF, IGF-1, and VEGF are up-regulated by aerobic 
exercise, this may help to offset age-related reductions in their collective effects on 
synaptogenesis, neurogenesis, angiogenesis, synaptic plasticity, and learning and memory, 
providing for a more nutritive and resilient brain that protects against age-related decline in 
functional connectivity in the frontal, temporal, and parietal association cortices (see Cotman and 
Berchtold, 2002; 2007 for reviews). 
In sum, growth factors such as BDNF, IGF-1, and VEGF may be important 
neurobiological factors for understanding the positive effects of exercise on brain aging and 
cognition. We hypothesize that BDNF, IGF-1, and VEGF will have regionally specific effects in 
the temporal and frontal cortices, where concentrations of BDNF and IGF-1 are strongest, 
coupled with the idea that these are the brain regions with the most severe age-related 
dysfunction.  Furthermore, we expect that baseline levels of IGF-1 and VEGF may either support 
general patterns of enhanced exercise-induced changes in functional connectivity, or that there 
will be overlap among associations of BDNF, IGF-1, and VEGF converging on increased 
connectivity in the brain where BDNF has its most potent effect on exercise-induced synaptic 
plasticity, the temporal cortex.   
 
Methods 
Participants 
Participants were recruited from the local community of Urbana-Champaign, Illinois.  
Eligible participants had to (1) demonstrate strong right handedness, with a 75% or above on the 
Edinburgh Handedness Questionnaire (Oldfield, 1971), (2) be between the ages of 55 and 80 
years (3) score > 51 on the modified Mini-Mental Status Exam  (mMMSE, Stern et al., 1987)), a 
screening questionnaire to rule out potential neurological pathology, (4) score < 3 on the 
Geriatric Depression Scale (GDS) (Sheikh and Yesavage, 1986), (5) have normal color vision (6) 
have a corrected visual acuity of at least 20/40 and (7) sign an informed consent. In addition, 
participants had to report being currently sedentary, which was defined as having been physically 
  134 
active for 30 minutes or more no more than two times in the last six months.  Participants 
completed a mock MRI session, wherein they were screened for their ability to complete an 
experiment in an MRI environment.  Participants who passed the mock screening subsequently 
completed a series of structural and functional MRI scans, and a graded maximal exercise test.  
Prior to MR scanning all participants were tested for visual acuity and (if need be) corrective 
lenses were provided within the viewing goggles to ensure a corrected vision of at least 20/40 
while in the scanner.  Participants were compensated for their participation.   
Participants were further randomized to either an aerobic walking group or a control 
group that participated in a stretching and toning program.  The walking group included 30 
participants with an average age of 67.3 (SD=5.8), of which 73% were female; mean education 
for the walking group was 15.9 years (SD=2.8) and their mean mMMSE score was 55.2 
(SD=1.4). The flexibility, toning, and balance (FTB) group included 35 participants with an 
average age of 65.4 (SD=5.2), of which 71% were female; mean education for the walking group 
was 15.9 years (SD=2.7) and their mean mMMSE score was 54.8 (SD=1.9).  The groups did not 
significantly differ in baseline fitness level, mean years of education, or gender (all p>.05).  
Neuroimaging measures were collected as part a larger task battery, and were originally 
developed to be passive viewing tasks for localizing stimulus-specific processing regions of the 
ventral visual cortex.  Participants in this study represent a subset of a previously published 
investigation of age-related differences in stimulus processing specificity (Voss et al., 2008) and 
represent the full sample reported in a study focused on characterizing effects of exercise training 
on functional connectivity across multiple brain systems (Voss et al., 2010b).   
 
Aerobic fitness assessment   
Participants were required to obtain consent from their personal physician before 
cardiorespiratory fitness testing was conducted. Aerobic fitness (VO2 max) was assessed by 
graded maximal exercise testing on a motor-driven treadmill.  The protocol involved the 
participant walking at a speed slightly faster than their normal walking pace (approximately 30–
100m per minute) with increasing grade increments of 2% every two minutes. A cardiologist and 
nurse continuously monitored measurements of oxygen uptake, heart rate and blood pressure.  
Oxygen uptake (VO2) was measured from expired air samples taken at 30-second intervals until 
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a maximal VO2 was attained or to the point of test termination due to symptom limitation and/or 
volitional exhaustion. VO2 max was defined as the highest recorded VO2 value when two of 
three criteria were satisfied: (1) a plateau in VO2 peak between two or more workloads; 2) a 
respiratory exchange ratio >1.00; and (3) a heart rate equivalent to their age predicted maximum 
(i.e. 220 - age).   Due to scheduling difficulty, two participants in the stretching group did not 
have fitness assessments at the 6-month session; all participants had fitness assessments at 
baseline and 12-month sessions. VO2 max values for participants at baseline, 6 mos., and 12 
mos. are shown in Table 1.  Note that across all three of the time points, even with improvements 
from the intervention, both groups of participants were in the bottom 10th percentile of the 
population for VO2 max based on their age and gender (Whaley et al., 2006), reflecting our 
exclusive recruitment of currently sedentary older adults. 
 
Exercise intervention.   
Older adults were randomly assigned to participate in either an aerobic walking program, 
or a control group that did non-aerobic stretching and toning exercises.  The non-aerobic control 
group served to match groups for social contact associated with group exercise and to determine 
effects on brain function specific to aerobic exercise.  Both the walking and control groups met 
three times per week.   
For the walking program, a trained exercise leader supervised all sessions. Participants 
started by walking for ten minutes and increased walking duration weekly by five-minute 
increments until a duration of 40 minutes was achieved at week seven. Participants walked for 40 
minutes per session for the remainder of the program. All walking sessions started and ended 
with approximately five minutes of stretching for the purpose of warming up and cooling down. 
Participants wore heart rate monitors and were encouraged to walk in their target heart rate zone, 
which was calculated using the Karvonen method (Strath et al., 2000) based on the resting and 
maximum heart rates achieved during the baseline maximal graded exercise test. The target heart 
rate zone was 50-60% of the maximum heart rate reserve for weeks one to seven and 60-75% for 
the remainder of the program. Participants in the walking group completed an exercise log at 
each exercise session. Every four weeks, participants received written feedback forms that 
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summarized the data from their logs. Participants with low attendance and/or exercise heart rate 
were encouraged to improve their performance in the following month. 
For the FTB program a trained exercise leader led sessions. All FTB classes started and 
ended with warm-up and cool-down stretches. During each class, participants engaged in four 
muscle toning exercises utilizing dumbbells or resistance bands, two exercises designed to 
improve balance, one yoga sequence, and one exercise of their choice. To maintain interest, a 
new group of exercises was introduced every three weeks. During the first week, participants 
focused on becoming familiar with the new exercises, and during the second and third weeks, 
they were encouraged to increase the intensity by using more weight or adding more repetitions. 
Participants in the FTB group also completed exercise logs at each exercise session and received 
monthly feedback forms. They were encouraged to exercise at an appropriate intensity (13-15 on 
the Borg RPE scale; (Borg, 1985) and attend as many classes as possible.  
 
Imaging Methods 
Structural MRI.  For all participants, high resolution T1-weighted brain images were 
acquired using a 3D MPRAGE (Magnetization Prepared Rapid Gradient Echo Imaging) protocol 
with 144 contiguous axial slices, collected in ascending fashion parallel to the anterior and 
posterior commissures, echo time (TE)=3.87 ms, repetition time (TR)=1800 ms, field of view 
(FOV)=256 mm, acquisition matrix 192 mm x 192 mm, slice thickness=1.3mm, and flip 
angle=8º.  All images were collected on a 3T head-only Siemens Allegra MRI scanner.   
Functional MRI.  Functional MRI (fMRI) scans were acquired during three passive 
viewing tasks: 1) a checkerboard task comprised of luminance-matched flashing black-and-white 
checkerboards and flashing color checkerboards at a rate of 8 Hz, each checkerboard condition 
was presented in two separate 30-second blocks that alternated with 20-second blocks of fixation 
baseline; 2) a word viewing task comprised of 30-second blocks of words, pseudo-words, and 
letter strings, presented separately in two 30-second blocks that alternated with 20-second blocks 
of fixation baseline, each block consisted of 20 unique stimuli that were each presented for one-
second with a 500-ms fixation between each word presentation; and 3) a face/building viewing 
task comprised of three 20-second blocks of faces and buildings that alternated with 20-second 
blocks of luminance matched scrambled images (taken from the face and building stimulus set) 
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as the baseline condition, each block consisted of 20 unique black-and-white images (controlled 
for luminance and dimension) that were each presented for one-second.  In each task participants 
were instructed to keep their eyes open and to pay attention to the screen.   
Visual stimuli were presented with MRI-safe fiber optic goggles (Resonance 
Technologies, Inc.).  Participants completed the passive viewing tasks as part of a larger battery 
of cognitive paradigms within the scanner.  For the fMRI tasks, T2* weighted images were 
acquired using a fast echo-planar imaging (EPI) sequence with Blood Oxygenation Level 
Dependent (BOLD) contrast  (64 x 64 matrix, 4 mm slice thickness, TR = 1500 ms, TE = 26 ms, 
flip angle = 60).  A total of 150 volumes were acquired per participant for the checkerboard task, 
220 volumes for the word task, and 180 volumes for the face/building task. 
 
Image Analysis 
Structural MRI preprocessing.  Each participant’s low-resolution EPI image was 
registered to his or her high-resolution T1 structural image, which was subsequently registered to 
stereotaxic space (study-specific template generated using 152 T1 MNI as the target volume, 
Montreal Neurological Institute) using FLIRT 12-parameter affine linear registration (Jenkinson 
et al., 2002).  A study-specific template was made from the baseline structural images from the 
older adults in this sample. Functional images from six- and 12-month sessions were also 
registered to this study-specific template. To make the study-specific template, high-resolution 
structural images were first skull-stripped using BET (Smith, 2002), and manually inspected and 
corrected for any skull-stripping errors.  Next, the structural images were registered to the 152 T1 
MNI volume using FLIRT 12-parameter affine linear registration (Jenkinson et al., 2002).  
Finally, registered volumes were averaged to form a representative reference volume. Before 
group analyses, functional data were registered to stereotaxic space using transforms generated 
from the alignment of high-resolution T1 images. 
fMRI Preprocessing.  fMRI data preprocessing was carried out using FSL 4.1.4 (FMRIB's 
Software Library, www.fmrib.ox.ac.uk/fsl).  The following pre-statistics processing was applied: 
rigid body motion correction using MCFLIRT (Jenkinson et al., 2002), removal of non-brain 
structures using BET (Smith, 2002), spatial smoothing using a Gaussian kernel of FWHM 6.0-
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mm, grand-mean intensity normalisation of the entire 4D dataset by a single multiplicative 
factor, and temporal filtering to restrict the bandwidth of the fMRI signal to .008 < f < .080 Hz. 
Functional connectivity seeding analysis.  Detailed description of the functional 
connectivity procedures are reported elsewhere (Voss et al., 2010b), which followed standard 
procedures from other studies (Andrews-Hanna et al., 2007; Fox et al., 2006). In addition to the 
typical nuisance regression of white matter, CSF, and global signal, to further isolate our 
examination to intrinsic functional connectivity, we also controlled for signal from a bilateral 
ROI in primary visual cortex (125 anatomical-voxel spheres centered at +18, -98, -4, derived 
from the literature (Andrews-Hanna et al., 2007)).  This visual cortex regressor, along with the 
global signal regressor, were cautionary measures to ensure our estimates of functional 
connectivity were not inflated due to the additive influence of synchronized task-evoked signal 
change. In addition to nuisance fMRI signal, six motion parameters computed by rigid body 
translation and rotation in preprocessing (Jenkinson et al., 2002) were included in the nuisance 
regression.  Functional connectivity of all ROI pairs was measured as the average Fisher’s Z 
transform of Pearson correlation coefficients across the three passive viewing runs. 
 In this study we focus on the functional connections that showed sensitivity to training-
induced gains in functional connectivity over a 12-month intervention for either the FTB or 
walking group (Voss et al., 2010b).  Table 1 lists these regional connections and their standard 
MNI coordinates.   
 
Blood serum collection and analysis 
Blood sampling for BDNF, IGF-1, and VEGF analysis was performed approximately 
two-weeks before each MRI session (pre and post one-year intervention).  Fasted subjects 
reported to the laboratory at 0800, at which time blood from the antecubital vein was collected in 
sterile serum separator tubes (Becton Dickenson, Franklin Lakes, NJ, USA).  The blood samples 
were kept at room temperature for 15 minutes to allow for clotting, after which the samples were 
centrifuged at 1100 × g at 4°C for 15 minutes.  Serum was then harvested, aliquoted, and stored 
at -80°C until analysis.  Protein levels were quantified using enzyme-linked immunosorbant 
assays following manufacturer’s instructions (R & D Systems, Minneapolis, MN).  Due to 
metholodological issues, blood protein levels could not be estimated for some participants.  
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Table 2 lists different sub-groupings of participants based on those with available data for each 
growth factor of interest. 
 
Statistical analysis   
To fully benefit from three data points in the functional imaging data (baseline, 6 mos, 12 
mos), change in functional connectivity was modeled with a mixed model using PASW 18.0 for 
Macintosh.  Given three sessions, a straight-line was fit to the data using OLS regression for each 
participant and the estimated slope was saved as an individual measure of change for functional 
connectivity. 
Peripheral measures of BDNF, IGF-1 and VEGF did not consistently approximate a 
normal distribution within groups at both pre-test and post-test. Therefore to measure change we 
used simple change scores of baseline subtracted from post-test. Note one FTB participant’s 
IGF-1 change data were discarded as an extreme outlier (> 4.5 SD from mean and median). 
Change scores also did not approximate a normal distribution.  For non-normally distributed 
blood measures we examined differential group change with a one-tailed Mann-Whitney test, 
and examined the association of change in neurobiological markers with changes in brain 
connectivity by conducting non-parametric Kendall’s tau (τ) correlations.  In addition to zero-
order correlations between change measures, follow-up analyses were conducted that controlled 
for variance associated with age, sex, and change in anterior hippocampal volume since these all 
represent potential confounds in individual variation of change (Erickson et al., 2011a).   
 To test for the association between baseline peripheral growth factors and exercise-
induced changes in functional connectivity, we conducted partial correlations between baseline 
growth factors and change in functional connectivity, while controlling for variance associated 
with age and sex.  Partial correlations for IGF-1 and VEGF were Kendall’s tau partial 
correlations (τr) carried out in R.  All other statistical analyses were done using PASW 18.0 for 
Macintosh. 
  
Results 
Change in blood levels of growth factors from exercise training 
 There were no group differences in change in BDNF (pg/mL) between the walking (Mdn 
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= 693.50, IQR=11,869.25) and FTB (Mdn = 1159, IQR=5760.25) group, p >.05.  There were 
also no group differences in change in IGF-1 (ng/mL) between the walking (Mdn = -6.62, 
IQR=15.38) and FTB (Mdn = -5.18, IQR=15.23) group, or in VEGF (mg/L) between the 
walking group (Mdn = 10.5, IQR=187.75) and FTB (Mdn = 15.35, IQR=52.5) group.  These 
results were unchanged when controlling for age and sex. 
 In addition, there were no significant associations between change in blood markers and 
change in aerobic fitness level for either group (all p > .05). 
 The BDNF effects in the current study are consistent with a volumetric study that 
sampled from the same longitudinal study, but which included 60 participants in each group 
(Erickson et al., in press).  Similar to Erickson et al. (in press), we reasoned that eventhough the 
growth factors (BDNF, IGF-1, VEGF) did not differentially change at the group level, there is 
evidence supporting that each could mediate the effects of changes in functional connectivity.  
For instance, whereas group level change may be equivalent, it still may be that within groups 
there is a differential quantitative relationship between change in a blood markers and change in 
functional connectivity.   
 
Change in growth factors and change in functional connectivity 
Functional connections examined.  Connections showing increased functional 
connectivity in favor of the walking group were three ROI-pairs in the DMN, including bilateral 
parahippocampus-bilateral middle temporal gyrus, bilateral parahippocampus-bilateral lateral 
occipital cortex, and bilateral middle temporal gyrus-left middle frontal gyrus, and one ROI-pair 
from an executive function network, including the right and left anterior prefrontal cortices (see 
Table 4.1).   
Two other seed pairs showed changes in functional connectivity over the one-year 
intervention.  The connectivity between the right anterior lateral prefrontal cortex and the left 
hippocampus became significantly more reduced in the walking group compared to the FTB 
group, which shifted the walkers to be more similar to the young adult control group.  Thus for 
this ROI pair, we interpret an increasing negative correlation as a beneficial change for older 
adults. Lastly, connectivity between the right frontal operculum and right lateral occipital cortex 
increased significantly more for the FTB compared to the walking group; however, these ROIs 
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do not typically co-occur in the same resting networks, so this functional change may either be 
maladaptive or reflective of the cognitive demands of the FTB training.  
We examined potential mechanisms of these exercise-induced changes in functional 
connectivity by assessing their association with change in peripheral markers of plasticity.  
Below we report results where at least one group showed a significant association, p<.05 (one-
tailed). 
BDNF.  Change in blood serum BDNF was positively correlated with aerobic exercise-
induced increases in connectivity between the bilateral parahippocampus and the bilateral middle 
temporal gyrus, τ = .25, p <.05, and this correlation was non-significant in the FTB group 
(p>.05).  Since we have previously shown that anterior hippocampal volume increases for the 
walking group but not the FTB group (Erickson et al., 2011b), it is possible that these results are 
due to increases in volume for the walking group.  However, when controlling for variance 
associated with change in anterior hippocampal volume, the association became stronger for the 
walking group, τr = .29, p<.05, and remained non-significant for the FTB group (p>.05).  When 
controlling for age, sex, and change in anterior hippocampal volume, the relationship again 
became stronger for the walking group, τr=.41, p<.05, and remained non-significant for the FTB 
group, see Figure 4.1.   
IGF-1. Change in blood serum IGF-1 was also positively correlated with aerobic 
exercise-induced increases in connectivity between the bilateral parahippocampus and the 
bilateral middle temporal gyrus, τ = .35, p <.05, and this correlation was marginal (p=.10) but 
non-significant in the non-aerobic training group.  When controlling for variance associated with 
change in anterior hippocampal volume, the association remained significant for the walking 
group, τr = .37, p<.05, and non-significant for the FTB group (p =.14). Note that when 
controlling for age, sex, and change in anterior hippocampal volume, the relationship also 
became stronger for the walking group, τr=.40, p<.05, and remained non-significant for the FTB 
group (p=.14). There was also a trend for a positive association between change in connectivity 
between the left middle frontal gyrus and bilateral middle temporal gyrus and change in IGF-1 
for the walkers, τ = .25, p=.10, which was not evident in the FTB group (p>.05).  When 
controlling for age, sex, and change in anterior hippocampal volume, the association remained 
marginal for the walking group, τr = .33, p=.07, and non-significant for the FTB group (p>.05).  
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VEGF.  There were no statistically significant zero-order associations between change in 
functional connectivity and change in blood serum VEGF. However, when controlling for age, 
sex, and change in anterior hippocampal volume, there was a significant association between 
change in VEGF and change in connectivity between the bilateral parahippocampus and the 
bilateral middle temporal gyrus, τr = .30, p<.05, and this association was non-significant in the 
FTB group, p>.05.   
 
Baseline growth factors and change in functional connectivity 
Since baseline growth factors could be influenced by age and sex, age and sex were 
treated as covariates in all analyses of baseline measures’ association with change. In addition, 
all correlations in this section are undirected, since there could be cases where greater peripheral 
levels of growth factors are associated with less exercise-induced change. 
 BDNF.  Greater baseline peripheral BDNF was associated with greater increases in 
functional connectivity between the bilateral parahippocampus and the bilateral middle temporal 
gyrus for the FTB group, τr =.28, p<.05, but not for the walking group, p>.05.  This was 
unexpected since the FTB group did not show significant mean-level increase in connectivity 
between bilateral parahippocampus and the bilateral middle temporal gyri.  
 IGF-1. There were no associations between baseline peripheral IGF-1 and change in 
functional connectivity between any of the ROI pairs.  
 VEGF. Greater baseline peripheral VEGF was association with greater increases in 
functional connectivity between the bilateral parahippocampus and the bilateral middle temporal 
gyrus for the walking group, τr =.32, p<.05, whereas this correlation was non-significant for the 
FTB group, p>.05.  This association remained statistically significant for the walking group 
when also controlling for change in anterior hippocampal volume, τr =.31, p<.05.  
 
Discussion 
The results of this study are consistent with a large rodent literature that have shown 
BDNF, IGF-1, and VEGF are central players in the effects of exercise on brain function (Cotman 
et al., 2007) and recent evidence that circulating BDNF levels are related to greater hippocampal 
volume (Erickson et al., 2010).  However, this is the first evidence for an association between 
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circulating BDNF, IGF-1, and VEGF and exercise-induced functional plasticity in humans. 
Results suggest that the three growth factors converge in their effects on functional brain 
connectivity primarily in the temporal cortex. We also report novel evidence for an association 
between greater baseline peripheral VEGF and increased exercise-induced benefits on functional 
connectivity in the temporal cortex. 
That the beneficial effects were commonly associated with increased functional 
connectivity between the bilateral parahippocampal gyrus and middle temporal gyrus suggests 
several important findings.  First, the convergence suggests that exercise benefits on human brain 
function are at least in part through up-regulation of BDNF in the hippocampus and surrounding 
temporal cortex, coupled with increased serum IGF-1 and VEGF.  However, since the growth 
factors did not significantly change at the group level as a function of the intervention, a full 
mediation model of neurobiological factors accounting for aerobic exercise-related increases in 
functional brain connectivity was not appropriate. It is worth considering, though, that given the 
quantitative relationship between growth factors and functional connectivity in the temporal 
cortex, perhaps a longer or more intense aerobic exercise program would have elicited significant 
group differences in BDNF, IGF-1, and VEGF, and even greater changes in functional 
connectivity in the temporal cortex for the aerobic group.  Alternatively, it is possible that 
incorporation of resistance training, which has been shown to increase peripheral IGF-1 
(Cassilhas et al., 2007), would have also boosted the growth factor response for the walking 
group and resulted in group differences and greater increases in functional connectivity. 
However, the effects of exercise type, duration, and intensity on peripheral levels of growth 
factors in healthy elderly adults are unknown, so future research is needed to determine the 
likelihood of these explanations.   
Secondly, the functional connection between the bilateral parahippocampus and middle 
temporal gyrus has significance for the cohesion of the DMN (Fransson and Marrelec, 2008; 
Kahn et al., 2008) and the structural atrophy of the DMN associated with progression of 
Alzheimer’s Disease (Li et al., 2010; Whitwell et al., 2007). Therefore, results not only inform 
potential converging neurobiological mechanisms for the benefits of aerobic exercise on DMN 
function (Voss et al., 2010b), but also support the hypothesis that exercise-induced increase in 
peripheral IGF-1 is a key factor in prevention or reversal of cognitive decline associated with 
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aging and Alzheimer’s Disease (Carro et al., 2005; Carro et al., 2006).  Such potent effects on 
brain health make IGF-1 an attractive molecule to mimic pharmacologically, however this has 
not been successful due to complexities of the endogenous regulation of IGF-1 bioavailability 
and signaling pathways (Stranahan et al., 2009). Thus currently the best option for increasing 
peripheral IGF-1 would be to engage in behaviors that converge on increased IGF-1 such as 
aerobic (Carro et al., 2000), resistance (Cassilhas et al., 2007), and even cognitive (Nishijima et 
al., 2010) training. 
Similarly, our results suggest that increased availability of VEGF before starting an 
aerobic exercise program is involved in enhancing the effects of exercise on increased functional 
connectivity between the parahippocampus and lateral temporal cortex. However, too much 
VEGF can also result in negative outcomes for stroke and tumor growth (Storkebaum et al., 
2004), so it is likely that the optimal level of VEGF to promote plasticity lies along an inverted U 
function.  Nevertheless, future research would also benefit from a greater understanding of 
lifestyle factors and behavioral interventions that affect peripheral VEGF, such as diet, stress, 
social enrichment, or cognitive training, that could serve as added components to aerobic 
exercise programs aimed at improving brain health.  For example, one known factor that 
increases VEGF is hypoxia (Asano et al., 1998; Storkebaum et al., 2004), suggesting that 
readjusting to high-altitude conditions over several weeks to months before engaging in an 
aerobic exercise program could boost the effects of aerobic exercise on brain health. 
Although we found evidence for the role of BDNF, IGF-1, and VEGF in exercise-
induced functional connectivity in the temporal cortex, we did not find associations between 
changes in these growth factors and change in any of the other functional connections examined 
(see Table 4.1).  Future research will be needed to understand why this may be, but one 
explanation could be that we were able to detect effects only where the concentration of BDNF is 
greatest, and that sensitivity of peripheral growth factor associations with improvements in more 
long-range connections may require longer adherence to an aerobic exercise program. An 
alternative explanation is that a separate, independent pathway mediated increased functional 
connectivity in the other ROI pairs.   
This study is not without limitations.  A primary limitation of the study is that the 
measures of growth factors were exclusively from the periphery.  There is, however, currently no 
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viable alternative for assessing individual differences in BDNF, IGF-1, and VEGF in a large 
sample of healthy older adults. Therefore, this limitation is not one we have much control over 
improving.  However, one potential problem with the current study that could be improved is the 
consistency of blood sampling in reference to the end date of the exercise intervention.  In this 
study, participants had their blood taken within two weeks of their baseline and post-test MRI, 
and it is possible that this variable time-window introduced noise in the estimates of individual 
change in growth factors as a function of group. Related to this concern, we do not have data 
about the duration of the association between increased growth factors and increased functional 
connectivity.  These are important questions that deserve future research. Finally, it would have 
been optimal to assess n-way interactions between group and changes in BDNF, IGF-1, and 
VEGF, however there were not enough participants with data across all three growth factors to 
have the power to examine these effects.  Similarly, given there were no significant effects on 
cognitive performance in favor of the walking group compared to the FTB group in this sub-
sample of our larger study (Voss et al., 2010b), the downstream effects of individual variation in 
changes in growth factors on cognition was not assessed here.   
In sum, this study demonstrates the first link between exercise-related changes in 
functional connectivity in the temporal cortex and changes in three putative neurobiological 
mechanisms for exercise-induced benefits on brain function, including BDNF, IGF-1, and 
VEGF.  These results lend credibility to low frequency BOLD signal as reflective of neuronal 
activity, and suggest that the three growth factors play complementary roles in enhancing brain 
connectivity following exercise training.  Future research is necessary to understand how 
exercise type, duration, and intensity, interact with changes in growth factors, as well as how 
exercise-related changes in growth factors are related to clinically relevant outcomes such as 
cognition and disease progression. 
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Figure 4.1  
 
 
Caption: A) figure adapted from Voss et al., 2010b, y-axis for 6 and 12 mos sessions represents 
marginal means from ANCOVA model that controlled for variance associated with baseline (0 
mos); YA refers to Young Adult control group (see Voss et al., 2010b); B) partial correlation 
indicates that data are plotted after controlling for variance associated with age, sex, and anterior 
hippocampal volume; *p<.05. 
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Table 4.1  Regional connections that showed significant group differences over 12-month 
exercise intervention 
 
ROI 
abbreviations 
ROI-ROI anatomical regions 
 
Hypothesized 
network 
Intervention 
effect 
BMTG – BPHG Bilateral middle 
temporal gyrus 
L: -52,-18,-18 
R: 58, -10,-18 
Bilateral 
parahippocampal 
gyrus 
L: -24,-26,-20 
R: 24,-26,-20 
DMN W > S 
BPHG - LOC Bilateral 
parahippocampal 
gyrus 
L: -24,-26,-20 
R: 24,-26,-20 
Left lateral 
occipital/parietal 
cortex 
-44,-72,34 
DMN W > S 
LMFG - BMTG Left middle frontal 
gyrus 
-30,20,50  
Bilateral middle 
temporal gyrus 
L: -52,-18,-18 
R: 58, -10,-18 
DMN W > S 
RALPFC - PFC Right anterior 
lateral prefrontal 
cortex 
32,40,28 
Bilateral prefrontal 
cortex 
L: -36,34,28 
R: 32, 42, 36 
Fronto-
executive/CO 
W > S 
RALPFC - LHC Right anterior 
lateral prefrontal 
cortex 
32,40,28 
Left hippocampus 
-24,-22,-18 
 
Fronto-
executive/CO 
-AND- 
DMN 
-W > -S 
RFOI - RLOC Right frontal 
operculum/ 
insula 
28, 26, 8 
Right lateral 
occipital/parietal 
cortex 
26,-64,54 
Fronto-
executive/CO 
-AND- 
Fronto-
parietal 
S > W 
Caption: All coordinates are in MNI space, L and R refer to Left and Right hemisphere, 
respectively.  Networks, DMN=Default Mode Network, CO=cingulo-opercular network, which 
is another name for the fronto-executive network.  Group effects, W=walking group, S=flex, 
tone, and balance control group. 
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Table 4.2 Summary of demographics for subgroups with blood data 
 
 
 BDNF IGF-1 VEGF 
Variable FTB 
Control 
Walkers FTB 
Control 
Walkers FTB 
Control 
Walkers 
N 30 26 16 14 28 24 
Age (SD) 66.1 (5.2) 67.5 (5.9) 65.6 (5.7) 67.8 (6.3) 65.7 (5.3) 66.8 (5.9) 
% Female 70 69 75 86 64 71 
Educationa 15.8 (2.8) 16.0 (3.0) 15.9 (2.9) 16.1 (2.8) 15.9 (2.8) 15.7 (2.9) 
mMMSEb 54.7 (2.0) 55.1 (1.5) 54.8 (2.3) 54.9 (1.7) 54.8 (2.0) 55.2 (1.5) 
 
Caption: Education refers to self-reported years of education; mMMSE=modified mini-mental 
status exam. No demographic variables are significantly different, continuous measures tested 
with independent samples t-test, and gender tested with chi-square test. BDNF=brain-derived 
neurotrophic factor, IGF-1=insulin-like growth factor type 1, VEGF=vascular endothelial growth 
factor. 
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Chapter 5: 
General Discussion  
 
 Given the expected surge in the aging population around the world, and the association 
between aging and cognitive decline and risk for neurodegenerative diseases, more research is 
needed to understand the aging brain and potential interventions that may delay, slow, or prevent 
age-related decline in the brain and cognition.  This thesis examined whether studying brain 
function through the perspective of brain networks can further our understanding of how aerobic 
exercise may attenuate cognitive and brain aging in healthy older adults.  
 Study one introduced potential links between functional connectivity in the default mode 
network (DMN), an important network for executive function and AD status, and individual 
differences in aerobic fitness and cognitive performance.  Results showed that aerobic fitness 
was associated with greater functional connectivity in specific DMN pathways, and 
preferentially in pathways involving the frontal and temporal cortices.  Results also suggested 
that functional connectivity in some of these pathways mediates, in part, the relationship between 
aerobic fitness and executive function.   
Study two extended upon study one by examining whether aerobic fitness training would 
increase functional connectivity in the DMN for regional connections that are maximally 
affected by age.  In addition, four other networks were examined to assess the specificity of the 
effects of exercise on brain connectivity, including a fronto-executive and fronto-parietal 
network, and motor and auditory sensory networks.  Results showed that aerobic exercise was 
preferentially associated with increased functional connectivity in the DMN among temporal, 
frontal, and occipital-parietal association areas.  Two of the three connections showing 
improvement for the walking group involved the hippocampus and surrounding structures, which 
is consistent with a large literature from animal models of exercise and the brain that has shown 
the hippocampus is possibly the brain region most sensitive to the benefits of aerobic exercise on 
brain structure and function.  In addition, the walking group showed increased functional 
connectivity between the right and left anterior prefrontal cortices in a fronto-executive network, 
a brain network central to brain dysfunction in aging.  Furthermore, two other seed pairs showed 
changes in functional connectivity over the one-year intervention.  The connectivity between the 
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right anterior lateral prefrontal cortex and the left hippocampus became significantly more 
reduced in the walking group compared to the FTB group, which shifted the walkers to be more 
similar to the young adult control group.  Thus for this ROI pair, we interpret an increasing 
negative correlation as a beneficial change for older adults. Lastly, connectivity between the 
right frontal operculum and right lateral occipital cortex increased significantly more for the FTB 
compared to the walking group following a year of exercise; however, these ROIs do not 
typically co-occur in the same resting networks, so this functional change may either be 
maladaptive or reflective of the cognitive demands of the FTB training.   
The study also found increases in functional connectivity in favor of the stretching and 
toning group in the Default Network following six months of exercise.  Functional connectivity 
in these regions reverted to baseline levels at the end of the one-year intervention.  Since the 
stretching and toning intervention involved learning novel stretching and balance exercises and 
light yoga poses for the first six months, which were maintained and practiced for the second six 
months, it is possible that increases in functional connectivity for the stretching group reflect 
learning-related changes in Default Network connectivity. This would be consistent with the 
Default Network’s association with cognitive abilities such as inward focused thought and 
integrating an external world view with your own, and suggest the possibility of an intervention 
based on these activities as a framework for combined exercise and cognitive training. 
Despite changes in functional connectivity that occurred over a one-year training period, 
changes in cognitive function were not significantly different as a function of intervention group.  
Furthermore, change in functional connectivity was not significantly associated with change in 
cognition within-group, only when assessed across group.  Additionally, only one correlation 
was significant with cognition, and it was from the DMN, providing preliminary evidence that 
changes in DMN connectivity may be one pathway through which aerobic exercise achieves 
broad transfer of training.   
The first two studies used univariate functional connectivity analyses to examine specific 
pathways that are affected by age.  The advantage of this approach is that it is hypothesis-driven 
and permits examining individual differences in network function at the level of specific inter-
regional associations.  However, the disadvantage is the inability to capture how the brain 
coordinates many dynamically interacting functional units in parallel.  This limitation of the 
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method in studies one and two was addressed by re-analyzing the data from study two using 
methods from network science that model the brain using complex systems analysis.  Chapter 
three first examined the effects of age on the brain network, followed by examination of network 
plasticity.  Although this method was less sensitive to training-related changes in specific 
pathways, it provided complementary information about how the brain changes from fitness 
training.  In sum, study three demonstrated that aging brain shows a shift in network topology 
with the primary motor and somatosensory, subcortical, and limbic structures moving towards 
more integrative roles in the network, coupled with fragmentation of large-scale cortical 
networks into more segregated clusters. In addition, aerobic exercise was associated with 
attenuated progression of network markers of aging and greater improvements in aerobic fitness 
were associated with increased assortativity, a measure of network resilience that reflects small-
world architecture, suggesting that large-scale organizing properties of the brain are plastic to 
changes in health behaviors such as a one-year aerobic exercise program. 
Lastly, study four examined potential neurobiological mechanisms of changes in 
functional connectivity following a year-long exercise program. Results showed that although 
there were no group-level changes in growth factors as a function of the intervention, increased 
temporal lobe connectivity between the bilateral parahippocampus and the bilateral middle 
temporal gyrus was associated with increased BDNF, IGF-1, and VEGF for an aerobic walking 
group but not for a non-aerobic control group, and that greater baseline VEGF was associated 
with greater training-related increases in this functional connection.  Results are consistent with 
animal models of exercise and the brain, but are the first to show in humans that increases in 
functional connectivity in the hippocampal and surrounding temporal lobe from aerobic exercise 
are promoted by changes in growth factors and may be augmented by greater baseline VEGF.  In 
addition, greater baseline BDNF was associated with greater change in functional connectivity 
between the bilateral parahippocampus and the bilateral middle temporal gyrus for the stretching 
and toning group only.  BDNF is a potent modulator of experience-dependent plasticity such as 
synaptic plasticity in response to cognitive stimulation.  This result may therefore reflect the idea 
mentioned above, that the stretching and toning intervention was cognitively engaging and may 
also provide positive benefits for brain function. 
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Future directions 
 In my future research, I intend to build on the work I have done in this thesis by 
continuing to apply innovative brain imaging techniques and analyses to important public health 
issues associated with aging. In addition to normal aging, an important health problem is the 
increasing incidence of neurological diseases such as Alzheimer’s Disease.  A primary aim of 
my future work will be to identify individual differences in health behaviors that are associated 
with prevention of Alzheimer’s Disease, as well as noninvasive biomarkers for disease 
prediction and monitoring of treatment efficacy.   
Another important health problem is the need for cognitive training programs that 
translate to enhanced quality of life for aging adults, and greater understanding of the similarities 
and differences between brain plasticity from aerobic exercise training and cognitive training, 
and their combination such as in dance or sport.  My research program will seek to understand 
behavioral and neurobiological principles of training protocols that effectively engender transfer 
of learned skills to new contexts. Along these lines, my research will also examine individual 
differences that interact with training strategies, retention and transfer of new skills.  This arm of 
research has immense potential to translate into intervention and educational programs for 
healthy adults, as well as for adults undergoing treatment for physical and cognitive 
impairments, such as stroke and traumatic brain injury patients, and adults with progressive 
neurological diseases such as Alzheimer’s and Parkinson’s Disease.   
Finally, I intend to increase the diversity of behavioral and brain metrics currently used 
for understanding the effects of lifestyle factors on brain function, such as variability in human 
performance and brain function. Growing evidence suggests that variability of human 
performance and brain activation is an important indicator of brain health and future physical and 
cognitive performance, however, very little is known about the neurobiological basis of 
individual differences in variability. Therefore, I hope to incorporate variability of behavior and 
brain measures into my research program, as potential behavioral and biological markers of brain 
health, and in turn, targets for measuring the relative benefits of lifestyle factors for improving 
health across the lifespan. 
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